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 This dissertation encompasses three chapters that study the measurement of poverty and 
the impact of shocks on household welfare. Below are the individual abstracts for each chapter.  
Chapter 1: Subjective Poverty and Natural Disasters: Evidence from the 2007 Earthquake in 
Peru 
This paper examines the causal impact of natural disasters on subjective poverty, defined 
on the basis of subjective qualitative assessments of household heads about the poverty status of 
their families. The paper makes use of a nationally representative household survey combined 
with the timing and location of the 2007 Peruvian earthquake to identify its impact on subjective 
poverty. The paper additionally employs GPS information on village distance to the earthquake 
epicenter to more accurately assess households’ exposure to the shock. The impact of the 
earthquake on subjective poverty is compared with its impact on objective poverty, which is 
based on per capita household consumption. Results indicate that both objective and subjective 
poverty increase after the event. More interestingly, this paper provides evidence that the 
earthquake produces a sustained welfare loss that extends beyond its negative impact on 
consumption. Effects are robust to different specifications, including region-specific time trends, 
household- and province-level intensity measures, and an instrumental variables strategy.  
Chapter 2: To be Poor or to Feel Poor: Subjective Poverty Line Estimation in Peru 
This paper estimates the poverty line by means of a survey question on subjective 
economic welfare that asks individuals whether they consider their households to be poor or not. 
The paper argues that this survey question is the most appropriate to estimate “subjective” 
poverty lines, since it overcomes the main limitations of many other subjective poverty questions 
used in the literature. Using household data from Peru, this paper uniquely compares results 
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using the subjective poverty question proposed along with results obtained when applying other 
subjective poverty questions used in earlier studies. Results are also compared to the official 
estimates of poverty. The poverty rate based on the subjective question proposed in this paper is 
greater than the official poverty rate, though the difference between both poverty ratios decreases 
over time. There are some regional differences; the official objective poverty rate is greater in 
rural areas compared to urban areas and the urban-rural gap is even greater when using the 
subjective question. 
Chapter 3: Wars and Child Health: Evidence from the Eritrean-Ethiopian Conflict 
This is the first paper using household survey data from two countries involved in an 
international war (Eritrea and Ethiopia) to measure the conflict’s impact on children’s health in 
both nations. The identification strategy uses event data to exploit exogenous variation in the 
conflict’s geographic extent and timing and the exposure of different children’s birth cohorts to 
the fighting. The paper uniquely incorporates GPS information on the distance between survey 
villages and conflict sites to more accurately measure a child’s war exposure. War-exposed 
children in both countries have lower height-for-age Z-scores, with the children in the war-
instigating and losing country (Eritrea) suffering more than the winning nation (Ethiopia). 
Negative impacts on boys and girls of being born during the conflict are comparable to impacts 
for children alive at the time of the war. Effects are robust to including region-specific time 
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CHAPTER 1 
SUBJECTIVE POVERTY AND NATURAL DISASTERS: EVIDENCE FROM THE 2007 
EARTHQUAKE IN PERU 
 
Calamity is the perfect glass wherein we truly see and know ourselves 
William Davenant (English poet, 1606 – 1668) 
1. Introduction 
 
When measuring the economic cost of natural disasters, a large body of the economic literature 
focuses on the macroeconomic consequences of these events, primarily on the correlation 
between natural disasters and economic growth (see, e.g., Albala-Bertrand 1993; Skidmore and 
Toya 2002; Cuaresma, Hlouskova, and Obersteiner 2008; Noy 2009). However, the economic 
cost of these events can hardly be reduced to just the low drop (or even increase) in GDP 
frequently observed in the literature. The actual cost of natural disasters is likely to be incorrectly 
measured by only focusing on their macroeconomic consequences. For example, Di Tella, 
MacCulloch, and Oswald (2003) find that pure “psychic” cost from aggregate shocks and 
recessions appear to be large in terms of individual’s well-being, extending beyond the reduction 
of GDP.1 
A growing body of research also exists on the microeconomic impact of natural disasters 
on individual welfare, which is usually equated to consumption or income (see Baez, de la 
Fuente, and Santos 2009 for a review of the literature). However, it has been acknowledged that 
income or consumption is one among several factors that might influence individual well-being; 
many other socioeconomic characteristics are also relevant (Ravallion and Lokshin 2001). The 
actual impact of natural disasters on individual well-being as a whole is also likely to be 
                                                
1 Stiglitz, Sen, and Fitoussi (2009) emphasize that there appears to be an increasing gap between production (e.g., 
GDP per capita) and individual’s well-being. The authors suggest moving from measuring economic production to 
measuring individual’s well-being, stressing the importance of “subjective” dimensions of well-being (e.g., 
happiness or satisfaction with life). 
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incorrectly identified by only focusing on one or few observable dimensions because of the 
omission of several factors that are expected to be highly relevant for well-being, such as the 
non-pecuniary costs associated with the psychological impact of these events. Data on reported 
satisfaction with life or happiness have been used to measure experienced utility (see, e.g., Di 
Tella et al. 2001, 2003) and are natural candidates to identify the impact of natural disaster on 
individual well-being. 
The aim of the current study is twofold. First, it differs from earlier literature on natural 
disasters by adopting a more psychological method. This paper identifies the causal impact of 
these events on subjective poverty, defined on the basis of subjective qualitative assessments of 
household heads about the poverty status of their families. This type of measure is considered a 
narrower concept of economic welfare than happiness or satisfaction with life as a whole 
(Ravallion and Lokshin 2002). Second, this paper contrasts the impact of natural disasters on 
subjective poverty with their impact on objective poverty, defined as the proportion of 
households with a level of per capita consumption below the official poverty line of Peru. 
This paper examines the impact of a specific type of natural disaster: earthquakes.2 The 
focus of the present study is the 2007 Earthquake in the Ica Region of Peru, one of the strongest 
to hit the country in the last decades. The empirical identification strategy compares subjective 
poverty before and after the earthquake among households in regions directly hit by the 
earthquake to those households in similar regions that were not affected. The strategy also 
                                                
2 The effects of earthquakes have captured considerable media attention in recent years, particularly after those 
experienced by Haiti and Chile in 2010 and by Japan in 2011. However, the microeconomic impact of earthquakes 
on several dimensions of well-being has received relatively low consideration in the economic literature, presumably 
due to data limitation. More surprisingly, several studies are based on the same event: the earthquakes that hit 
Salvador in January 13, 2001, and February 13, 2001. Santos (2007) studies the impact of both shocks on school 
attendance and children time allocation. Baez and Santos (2011) investigates the impact of these two earthquakes on 
household income. Finally, Yang (2008) reports the impact of the two geological events on migration.    
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exploits the availability of GPS information on distance between survey villages and the 
earthquake epicenter to more accurately measure the exposure to the earthquake. 
This paper makes three contributions to the existing literature. First, it adds to the 
literature on natural disasters by measuring the impact of these events on welfare in a more direct 
manner. To the best of my knowledge, this is the first paper studying the impact of a large-scale 
natural disaster, the 2007 Earthquake in Peru, on subjective poverty. Second, the paper also adds 
to the literature on subjective well-being by studying the causal impact of a negative shock on 
subjective poverty. Earlier studies are largely focused on simple correlations between measures 
of subjective well-being and different socio-economic factors.3 This paper employs the 2007 
Earthquake in Peru as a natural experiment to estimate the causal impact of the earthquake on 
subjective welfare. Third, the paper uses several identification strategies to identify the causal 
impact of natural disasters on subjective poverty. It also incorporates household- and province-
level intensity measures directly related to the earthquake in Peru to better understand the 
mechanisms by which natural disasters might affect individual subjective welfare. 
Results indicate that both objective and subjective poverty increase after the earthquake. 
More interestingly, the paper provides evidence that the earthquake generates a welfare loss 
beyond its reduction on household consumption that persists over time. Effects are robust to 
different specifications, including region-specific time trends, household- and province-level 
intensity measures, and an instrumental variables strategy. Findings are of interest not only 
because they provide insight on the impact of natural disasters on household welfare, but also 
because they contribute to a better understanding of the determinants of subjective welfare and 
their association with money metric measures of welfare.  
                                                
3 Some papers have measured causal relationships between subjective well-being and socioeconomic factors by 
using, for example, longitudinal data (see, e.g., Winkelmann and Winkelmann 1998; Ravallion and Lokshin 2001) 
or natural experiments (see, e.g., Gruber and Mullainathan 2004), among other strategies. 
 4 
2. The 2007 Earthquake in Peru 
On August 15th 2007, at 6:40 p.m. local time, an earthquake measuring 7.0 on the Richter scale 
as reported by the Geophysics Institute of Peru hit the central coast of Peru, lasting for about 
three minutes. The earthquake was one of the strongest suffered by the country in the last 
decades. Aftershocks occurred the following day, some of them measuring up to 6.2 on the 
Richter scale, complicating rescue efforts and causing additional damage.  
Figure (1.1) shows the focus of the earthquake, according to the National Geophysical 
Institute of Peru (IGP). Ica was the most affected region of Peru. The earthquake also affected 
some other regions to some extent, including Lima, Junin, Ayacucho, Huancavelica, and La 
Libertad. Within the Ica region, the most highly affected provinces were Chincha, Pisco, and Ica. 
The province of Canete in the Lima region was the second most affected area by the earthquake 
(IFRC 2007; Tavera 2009).  
On August 20th, 2007, the Peruvian Civil Defense System reported over 500 deaths, 
1,000 injured, and 35,000 homes destroyed due to the earthquake (IFRC 2007). The fact that 
most of the people were not sleeping and were capable of reacting to the earthquake, among 
other factors, explain the relatively low number of deaths and injuries (Tavera et al. 2009). 
However, economic consequences were severe; approximately 80 percent of the city of Pisco in 
the Ica region was destroyed. An staggeringly high number buildings, homes, schools, and 
churches were brought down. Roads, highways, and bridges were also severely damaged, 
slowing down emergency relief efforts. The earthquake also left many people without electricity, 
water, or communications.  
On August 29th, 2007, the government created the Fund for the Reconstruction of the 
South (FORSUR), which was based on the successful model designed to rebuild the Colombian 
 5 
city of Armenia in 1999. Reconstruction has been slow and the Peruvian case did not prove to be 
as successful as the Colombian counterpart due to the following reasons: (i) the private sector 
was largely involved, (ii) FORSUR responsibilities were not clear, and (iii) there were many 
bureaucratic obstacles (Elhawary and Castillo 2008; Weiss Fagen 2008). Some anecdotal 
evidence exists that the consequences of the earthquake were felt in affected areas several years 
after the earthquake occurred; many families were living in tents or temporary and precarious 
houses made of plastic or wood with dirt floors. 
3. Subjective Welfare and Well-being 
Since Easterling (1974), many economists have used (or discussed the uses of) data on subjective 
welfare or well-being.4 In particular, many economists have focused on estimating poverty by 
means of subjective welfare questions, the interest for this paper. The closest papers to this study 
are: Goedhart, Halberstadt, Kapteyn, and van Praag (1977); Pradhan and Ravallion (2000), 
Ravallion and Lokshin (2001, 2002); Ferrer-i-Carbonell and Van Praag (2001); and Mangahas 
(1995).  
Goedhart et al. (1977) introduce one of the most popular methods to estimate subjective 
welfare based on answers to what is usually referred to as the Minimum Income Question (MIQ). 
This question asks individuals about the necessary level of income that their households require 
to make ends meet. A person can be defined as subjective poor if her household income is lower 
than her answer to the MIQ and non-poor otherwise (Ravallion and Lokshin 2002). However, the 
method based on the MIQ has two limitations. First, it is possible that respondents have a 
concept of income in mind when answering the MIQ that does not correspond with the measure 
                                                
4 Influential applications include Easterlin (1974, 1995, 2004); Pradhan and Ravallion (2000); Di Tella, 
MacCulloch, and Oswald (2001, 2003); Ferrer-i-Carbonel and Van Praag (2001); Ravallion and Lokshin (2001, 
2002); Gruber and Mullainathan (2004); Luttmer (2005); Di Tella and MacCulloch (2006); Kahneman and Krueger 
(2006); Deaton (2008); Guriev and Zhuravskaya (2009); Stiglitz et al. (2009); and many others. 
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of the total income derived from surveys. This limitation might represent an important threat to 
the validity of answers to the MIQ, especially in developing countries where income is not 
always a precise concept (Pradhan and Ravallion 2000). Second, the MIQ considers income to be 
the relevant welfare indicator for defining who is poor, rather than letting individuals define their 
own level of welfare - i.e., income is one among many factors that might influence economic 
welfare (Ravallion and Lokshin 2001, 2002). 
Pradhan and Ravallion (2000) propose a method to overcome the first limitation of the 
MIQ. The authors use individual’s qualitative assessments about perceived consumption 
adequacy on food, housing, and clothing. However, the second limitation of the MIQ also applies 
to consumption adequacy questions. Instead of letting individuals define their own level of 
welfare, these questions assume consumption to be the relevant welfare indicator for ranking 
households in terms of poverty. 
A significant part of the literature departs from income or consumption based indicators. 
Ravallion and Lokshin (2002) use the following question on economic welfare in Russia: Please 
imagine a 9-step ladder where on the bottom, the first step, stand the poorest people, and on the 
highest step, the ninth, stand the rich. On which step are you today? Ravallion and Loksin 
(2001) call this question the Economic Ladder Question (ELQ). Ferrer-i-Carbonell and Van 
Praag (2001) also use a similar question based on a ladder of welfare; the question asks 
individuals about their satisfaction with the financial situation of their families. Answers range 
from zero to ten, zero being Not at all satisfied and ten being Very satisfied. 
Mangahas (1995) uses a slightly different question to estimate subjective welfare in the 
Philippines. Instead of a ladder of welfare, the question asks individuals whether they consider 
themselves poor, borderline, or non-poor. Ravallion and Lokshin (2002) call this question the 
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Economic Welfare Question (EWQ). The main advantage of the ELQ and the EWQ is that they 
do not assume income or consumption to be the relevant welfare indicators; individuals 
determine their own level of welfare and well-being themselves (Ferrer-i-Carbonell 2002). 
Consequently, this paper uses a question that is similar to the EWQ in order to measure the 
impact of the 2007 Peruvian earthquake on subjective poverty. 
4. Data 
4.1 ENAHO Survey 
In order to identify the causal impact of the 2007 Earthquake in Peru on household objective and 
subjective poverty, this paper uses the 2007, 2008, and 2009 Peruvian National Household 
Survey (ENAHO) developed by the Peruvian Statistics Bureau (INEI). The ENAHO is a 
nationally representative repeated cross-sectional survey that contains rich information on 
household consumption and subjective questions on poverty. The survey’s main objectives are to 
measure poverty evolution and household’s living condition, among other objectives. 
The survey includes a question that is similar to the EWQ, which is a key aspect of the 
survey for this paper. The question asks the following: According to your economic situation, do 
you consider your household to be: (i) very poor, (ii) poor, (iii) more or less poor, or (iv) non-
poor? The question is asked to the household head or her spouse. The survey collected this 
question, and additional subjective household information, from about 65,000 heads of 
household or their spouses between 2007 and 2009. The paper defines subjective poor as those 
households whose head or spouse answer very poor or poor, which accounts for about 45 percent 
of the households between 2007 and 2009.5 Similarly, the survey collected detailed information 
                                                
5 Over 40 percent of respondents answered more or less poor between 2007 and 2009, which if classified as poor 
results in exceedingly high subjective poverty rates.  
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on consumption from about 125,000 households between 2004 and 2009.6 A household is 
defined as objective poor whenever household per capita consumption is lower than the official 
poverty line of Peru, which accounts for about 30 percent of the households between 2007 and 
2009. 
The survey does not ask specific household-level information about the impact of the 
earthquake and its economic consequences. However, among the subjective questions asked to 
the household head or her spouse, the survey asks about several shocks: In the last 12 months 
from … to… did your household suffer from any of the following problems: (i) loss of 
employment of any household member, (ii) bankruptcy of a family business, (iii) disease or 
accident of any household member, (iv) abandonment of the head of the household, (v) crime 
(robbery, assault, etc.), (vi) natural disasters (drought, storm, plague, flood, etc.), (vii) any other 
problem, or (viii) none?7 Item (vi) is particularly relevant for the present analysis; the paper uses 
this information to proxy the earthquake’s intensity at the household-level. 
Finally, whenever households suffer from any of these shocks, the survey asks about their 
economic consequences: Has (have any of) this (these) problem(s) produced: (i) a reduction of 
household income, (ii) loss of assets, (iii) both, or (iv) none? This question is also asked to the 
household head or spouse whenever he/she answered yes to any of the items (i) through (vii) to 
the question related to shocks. This paper uses information on shocks and their economic 
consequences to analyze the plausible mechanisms driving the impact of the earthquake on 
poverty. 
4.2 Preliminary Descriptive Statistics 
                                                
6 Because the main objective of this paper is to measure the impact of the earthquake on subjective poverty and to 
compare it to the impact of the earthquake on objective poverty, the analysis excludes the years 2004, 2005, and 
2006 from most of the regressions. 
7 Answers are not mutually exclusive. 
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Ica, the region most affected by the earthquake, is also one of the least poor regions in Peru. This 
is shown in figure (1.2), which compares the proportion of objective poor households across 
regions of Peru in 2006, the year before the earthquake. The regions of Arequipa, Lima and 
Callao, Madre de Dios, Moquegua, Tacna, and Tumbes are similar to the Ica region in terms of 
poverty. Therefore, these regions are a potential control group to study the impact of the 
earthquake on poverty. 
Table (1.1) presents pre-earthquake descriptive statistics from 2006. The table shows the 
proportion of objectively poor households; the proportion of households affected by natural 
disasters (based on item (iv) of the subjective question on shocks, see section (4.1)); the 
proportion of households whose head answered the perception questionnaire of the ENAHO 
survey; the age, gender, and years of education of the household head; and the area of residence 
of the household. These statistics are presented by household exposition to the earthquake. “Most 
Affected Region” in column 1 refers to the Ica region. “Selected Control” in column 2 refers to 
the least poor regions before the earthquake (Arequipa, Lima and Callao, Madre de Dios, 
Moquegua, Tacna, and Tumbes). Column 3 considers the “Rest of Peru”. 
Before the earthquake, almost all the characteristics of the Selected Control and the Most 
Affected Regions are statistically indistinguishable. Only the years of education of the household 
head and the area of residence are statistically different at the one percent significance level. 
However, the difference between the Most Affected Region and the Selected Control in terms of 
the years of education of the household head and the area of residence of the household is 
considerably lower than the corresponding difference between the Most Affected Region and the 
Rest of Peru. In the Rest of Peru, almost all the characteristics shown in the table are statistically 
different from the same characteristics in the Most Affected Regions at the one percent 
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significance level. To improve comparability when identifying the impact of the earthquake on 
objective and subjective poverty, the paper uses Selected Control as the control group for the 
Most Affected Region. 
4.3 Measures for Household’s Exposure to the Earthquake 
The paper defines three sets of measures for households’ exposure to the earthquake in Peru. All 
measures exploit the temporal and spatial variation of the impact of the earthquake. The first 
measure is (Affected Provincej * Aftert), which captures the impact of the earthquake on those 
households that were severely affected by the earthquake. This measure is an indicator variable 
for households living in the most affected provinces within the Ica region (Chincha, Pisco, and 
Ica) after the earthquake occurred in August 2007.  
The second measure is household’s proximity to the area most affected by the 
earthquake. The paper uses village geographic coordinates from the INEI to identify household’s 
location at the village level. The most affected provinces have been Chincha, Pisco, and Ica 
(IFRC 2007; Tavera 2009). The first two provinces are relatively closer to the earthquake 
epicenter; the mean distance to the earthquake epicenter within Chincha and Pisco provinces is 
about 80 kilometers in the ENAHO survey. The third province is further away from the 
earthquake epicenter; the mean distance within the Ica province is about 140 kilometers in the 
survey. I use those numbers to construct circle distances from a household’s village to the 
earthquake epicenter and I define binary variables indicating households living close to and at a 
medium distance from earthquake epicenter. These variables are defined as (Close to 
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Earthquakej * Aftert) and (Middle Distance to Earthquakej * Aftert) for households living within 
80 kilometers and between 80 and 140 kilometers from the earthquake epicenter, respectively.8   
Finally, since earthquakes generally produce considerably large loss of human lives, 
disabilities, and destruction, this paper uses external information on the number of homes 
destroyed and the number of injured in each province to proxy the earthquake’s intensity at the 
province-level. These data come from the International Federation of Red Cross and Red 
Crescent Societies (IFRC 2007). This paper also considers whether households surveyed in the 
ENAHO were individually affected by natural disasters within the last 12 months to proxy the 
earthquake’s intensity at the household-level. 
5. Empirical Identification Strategy 
This paper uses a difference-in-differences regression strategy to identify the causal impact of 
the 2007 earthquake in Peru on subjective and objective poverty. The empirical identification 
strategy is based on the comparison, before and after the earthquake, of the poverty status of 
similar households living in provinces affected and not affected by the earthquake. The main 
assumption of the identification strategy is that differences before and after the earthquake in the 
poverty status of households living in non-affected provinces would have been similar to the 
same differences in affected provinces in the absence of the earthquake.  
The identification strategy is based on the following regression 
(1.1) Poorijt = ! j +!t +"(Affected  Provincej *Aftert )+ X ijt '# +$ijt  
where Poorijt is the objective or subjective poverty status of household i in province j in period t; 
λt are month-year fixed effects; λj are province fixed effects; Affected Provincej is a binary 
                                                
8 A similar approach is used by Yang (2008), who also defines two variables based on circle distances (“Near 
quakes” and “Middle distance to quakes”) to study how migration from El Salvador responded to two earthquakes in 
2001. 
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variable that indicates a household living in a province affected by the earthquake; Aftert is a 
binary variable that indicates a household surveyed after August 2007, when the earthquake 
occurred; and εijt is a random, idiosyncratic error term. The coefficient β measures the impact of 
the earthquake on the poverty status of households living in provinces affected by the 
earthquake. All regressions also control for a vector of covariates Xijt, which includes an 
indicator variable for the identity of the person answering the module on perception (whether 
that person is the household head or her spouse); the age, gender, and years of education of the 
head of the household; and several indicator variables for urban-rural areas and for natural 
regions of Peru (Costa, Sierra, Selva, and Lima).9  
One of the main threats to the causal interpretation of this strategy is the existence of 
omitted variables that change differently or that have a disproportionate effect on affected and 
non-affected regions. This threat is reduced when non-affected provinces are similar to the 
affected provinces, since these “omitted interactions” are less likely to occur (Meyer 1995). To 
address this possibility, this paper compares households living in the most affected provinces 
within the “Most Affected Region” in column 1 of table (1.1) (the Pisco, Chincha, and Ica 
provinces) with households living in the rest of the provinces within the “Most Affected Region” 
(the Palpa and Nazca provinces) and in provinces within the “Selected Control Regions” in 
column 2 of table (1.1) (the Arequipa, Lima and Callao, Madre de Dios, Moquegua, Tacna, and 
Tumbes regions).10 I will call these two groups affected provinces and non-affected provinces, 
respectively. 
                                                
9 Household-level covariates are not confounding factors in equation (1.1). However, their inclusion may produce 
more precise estimates of β (Angrist and Pischke 2009). 
10 Section (6.2) discusses the robustness of substituting the most affected provinces within the Ica region by the 
entire Ica region. 
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To more accurately identify a household’s exposure to the earthquake, I take advantage 
of the GPS information on village distance to the earthquake epicenter. Equation (1.1) can be 
modified to study the impact of the earthquake on the poverty status of households living close to 
or at a medium distance from the earthquake. The following regression is estimated 
(1.2) Poorijt = ! j +!t +"1Close to Earthquakej +"2Middle Dis tance to Earthquakej
+#1(Close to Earthquakej *Aftert )
+#2 (Middle Dis tance to Earthquakej *Aftert )+ X ijt '$ +%ijt
 
where Close to Earthquakej is a binary variable indicating a household living within 80 
kilometers of the earthquake epicenter and Middle Distance to Earthquakej is a binary variable 
indicating a household living between 80 and 140 kilometers from the earthquake.11 The 
coefficient β1 measures the impact of the earthquake on the poverty status of households living 
within 80 kilometers of the earthquake epicenter, while the coefficient β2 measures the impact of 
the earthquake on the poverty status of households living between 80 kilometers and 140 
kilometers from the earthquake epicenter. The introduction of several affected groups enables 
exploring for differential impact of the earthquake on poverty depending on the distance from the 
earthquake epicenter.  
We could further address the potential for differential time trends in subjective and 
objective poverty across provinces by adding province-specific time trends to equations (1.1) and 
(1.2). This can be done by replacing λj in equation (1.1) and equation (1.2) with λ0j + λ1j t, where 
λ0j are province fixed effects and λ1j is a province-specific time trend coefficient multiplied by a 
time trend t, which accounts for differences in the trends of the potential poverty status (see 
Angrist and Kugler 2008). 
                                                
11 Section (6.2) discusses the robustness of using alternative distance cut-offs to study the geographic proximity to 
the earthquake epicenter. 
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Equation (1.1) (and also equation (1.2)) assumes that only the earthquake affected the 
poverty status of households; there are no other events, beside the earthquake, that might have 
coincided with the earthquake and that also affected the poverty status of households. Since this 
is not necessarily true, the strategy might incorrectly attribute any variation on poverty to the 
earthquake. We could further address this potential source of bias by introducing other variables 
as proxies for the earthquake’s intensity. The most immediate impact of natural disasters is 
usually measured in terms of loss of human lives, the rise of disabilities, and the destruction of 
infrastructure (Baez et al. 2009). Therefore, this paper includes these effects in equation (1.1); 
Affected Provincej * Aftert is replaced by Homes Destroyedj * Aftert or by Injuredj * Aftert. These 
variables refer to the number of homes destroyed and the number of injured due to the 
earthquake in province j, respectively. Provinces with many homes destroyed or injured are 
compared with provinces with few homes destroyed or injured. 
All the identification strategies so far assume that everyone living within the most 
affected provinces or close to the earthquake epicenter is actually affected by the earthquake. 
However, some households living close to the epicenter might be unaffected by the earthquake. 
Therefore, we might understate the actual impact of the earthquake by using aggregate measures 
of proximity to the epicenter. In order to address this issue, we can alternatively use household-
level intensity variables to more accurately measure the impact of the earthquake on poverty. 
Equation (1.1) is estimated differently; Affected Provincej * Aftert is replaced by Natural 
Disasterijt, which captures whether the household i in region j in period t was affected by natural 
disasters within the previous 12 months.  
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Province- or household-level intensity variables might be endogenous if they are 
correlated with trends in poverty levels.12 Therefore, this paper also uses an instrumental 
variables strategy; the village distance information is used as an instrument for intensity 
measures. Provinces close to the earthquake are more likely to have more homes destroyed and 
injured due to the earthquake. Similarly, households living closer to the earthquake epicenter are 
more likely to be affected by the earthquake within the previous 12 months. The following first 
stage equation is estimated 
(1.3) Intensityijt = !0 j +!1 jt +!t +"3Close to Earthquakej
+"4Middle Dis tance to Earthquakej
+#3(Close to Earthquakej *  Aftert )
+#4 (Middle Dis tance to Earthquakej *Aftert )+ X ijt '$ +%ijt
 
where δt are month-year fixed effects; δoj are province fixed effects; δ1j is a province-specific 
time trend coefficient multiplied by a time trend t; and υijt is a random, idiosyncratic error term. 
Intensityijt refers to Homes Destroyedj * Aftert or Injuredj * Aftert when using province-level 
intensity measures and to Natural Disastersijt when using household-level intensity measures. 
This strategy assumes that the distance to the earthquake epicenter has no impact on poverty 
other than through the earthquake.13 
6. Empirical Results 
6.1 Main Results 
Table (1.2) shows the regressions for the difference-in-differences estimation of the impact of the 
earthquake on objective and subjective poverty. All regressions include province and month-year 
                                                
12 There are two additional potential problems. First, intensity variables at the province-level may be measured with 
error (Albala-Bertrand 2003). Second, the intensity variable at the household-level is not directly related to the 2007 
earthquake in the Ica region in Peru, but rather to natural disasters in general (i.e., there are households affected by 
natural disasters before the earthquake in August 2007, as well as in non-affected provinces). 
13 Except for the use of a household-level intensity measure, all the identification strategies of this paper are similar 
to Akresh and de Walque (2008) and Akresh, Lucchetti, and Thirumurthy (2011). 
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of interview fixed effects.14 Panel A shows results by province exposure to the earthquake as 
described in equation (1.1). The table shows no significant impact of the earthquake on objective 
poverty in provinces affected by the earthquake. However, subjective poverty increases by 10.7 
percent after the earthquake in provinces affected by the earthquake; this result is statistically 
significant at the one percent confidence level. 
Panel B shows the regressions for the difference-in-differences estimation of the impact 
of the earthquake using distance to the earthquake epicenter as described in equation (1.2), which 
can be considered the preferred specification since it is a more accurate measure of a household’s 
exposure to the earthquake. Once again, results show no significant impact of the earthquake on 
objective poverty close to the earthquake epicenter. However, there is a significant impact on 
subjective poverty within 80 kilometers of the earthquake epicenter. Close to the earthquake, 
subjective poverty increases by 13.0 percent after the earthquake; this result is statistically 
significant at the five percent confidence level. The table shows no significant impact of the 
earthquake on objective poverty and subjective poverty between 80 and 140 kilometers from the 
earthquake epicenter. 
Table (1.3) accounts for the possibility of differential trends across provinces; the table 
shows the regressions for the difference-in-differences estimation of the impact of the earthquake 
including province-specific time trends. Panel A shows results by province exposure to the 
earthquake as before. Results are similar to panel A of table (1.2). Once again, the earthquake 
does not affect objective poverty. However, subjective poverty increases by 12.4 percent after 
the earthquake in provinces affected by the earthquake; this result is statistically significant at the 
one percent confidence level. 
                                                
14 Standard errors in this paper are clustered at the province level to allow for correlation across households within a 
province. 
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Results in panel B are slightly different when controlling for province-specific time 
trends compared with panel B of table (1.2). The table shows an increase on both objective and 
subjective poverty after the earthquake within 80 kilometers of the earthquake epicenter. 
However, the impact of the earthquake on subjective poverty is more than three times larger than 
the impact of the earthquake on objective poverty. Close to the earthquake, objective and 
subjective poverty increase by 4.4 percent and 15.1 percent, respectively, after the earthquake. 
The table shows no significant impact of the earthquake on objective and subjective poverty 
between 80 and 140 kilometers from the earthquake epicenter.15 
This section provides some evidence that the impact of the earthquake extends beyond its 
reduction in household per capita consumption. Altogether, panels A and B of table (1.2) and 
table (1.3) show a significantly larger impact of the earthquake on subjective poverty compared 
with its impact on objective poverty. These results suggest that consumption may be one among 
several factors that might influence welfare. Many other socio-economic factors that matter for 
individual welfare might also be affected by negative shocks like the highly destructive 
earthquake in Peru. Table (1.4) confirms these results; it reports the difference-in-differences 
estimation of the impact of the earthquake on the probability of being subjectively but not 
objectively poor in column 1 and on the probability of being objective but not subjective poor in 
column 2. The probability of being subjectively but not objectively poor increases by 10.6 
                                                
15 Models that include non-dichotomous dependent variables were also estimated. For the case of objective poverty, 
the dependent variable is the logarithm of the per capita household consumption. For the case of subjective poverty, 
the dependent variable takes four values depending on the answers to the Economic Welfare Question: (i) one if 
very poor, (ii) two if poor, (iii) three if more or less poor, and (iv) four if non-poor. Per capita consumption is 
reduced by 11 percent close to the epicenter, which represents a decline of 16 percent relative to one standard 
deviation of households living beyond 140 kilometers from the earthquake epicenter in 2007. The subjective welfare 
measure is reduced both close and at a medium distance from the epicenter. Out of the four-point scale, subjective 
welfare decreases 0.22 and 0.09 within 80 km and between 80 and 140 km from the earthquake epicenter, 
respectively. These represent declines of 30 and 12 percent relative to one standard deviation of households living 
beyond 140 kilometers from the earthquake epicenter in 2007, respetively (results not shown). 
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percent after the earthquake within 80 kilometers of the earthquake, while the earthquake does 
not affect the probability of being objectively but not subjectively poor.16 
Table (1.5) explores the heterogeneity of the earthquake impact by gender and education 
of the household head. Panel A shows the impact of the shock on objective poverty, while panel 
B shows its impact on subjective poverty. Results suggest that there exists a strong 
heterogeneous impact on objective poverty. Close to the epicenter, objective poverty increases 
after the earthquake for those households whose heads are females or who have more than 
primary education. However, there is no evidence of any heterogeneous impact on subjective 
poverty. Close to the earthquake, subjective poverty increases by about 15 percent independently 
of the gender and education of the head of the household. 
6.2 Robustness Checks 
This section conducts a series of empirical exercises in order to further test the robustness of the 
findings in section (6.1). As a first robustness check, this section makes use of the availability of 
several control groups to validate the causal interpretation of the results by means of a 
“refutability test” (see Angrist and Krueger 1998; Imbens and Wooldrige 2009). Panel A and B 
of table (1.6) provide additional evidence of the validity of the empirical strategy; they test the 
impact of the earthquake on a sub-group in which the earthquake is expected to have no impact. 
Panel A replaces “Affected Provinces” in tables (1.2) and (1.3) by the “Lima and Callao” region, 
which belongs to the control group. Lima and Callao is close and is similar in terms of poverty to 
the Ica region (see figure (1.2)), but it is relatively less affected by the earthquake. The control 
group is the same as in previous regressions. Since the Ica region and the Canete province in the 
Lima and Callao region are affected by the earthquake, they are excluded from the analysis. 
                                                
16 Section (6.2) further explores whether the earthquake affects welfare beyond its impact on household 
consumption. 
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Similarly, panel B excludes those households living in villages situated within 140 km of the 
earthquake epicenter and compares those living between 140 km and 280 km with those living 
beyond 280 km. Coefficients of the interaction Lima and Callao * After and Living Between 140 
km and 180 km from Earthquake * After are not significant, strengthening the causal 
interpretation of results in section (6.1). 
As a second robustness check, this paper analyzes household migration. Migration across 
regions might bias estimates in tables (1.2) and (1.3), since a household is defined as affected by 
the earthquake based on its current place of residence. Households are surveyed on a monthly 
basis in Peru, meaning that we observe households surveyed right after the earthquake. This 
suggests that results are robust to migration issues, since it might take some time for households 
to migrate. Panel C of table (1.6) provides further evidence on the validity of the difference-in-
differences estimations; results are restricted to the sample of households whose current province 
of residence is the same as the household head’s province of birth. Coefficients and their level of 
statistical significance are similar to the non-restricted sample, providing evidence of no bias 
introduced by migration.17 
As a third robustness check, this paper studies whether the earthquake increases the 
proportion of individuals who feel poor even when they have a per capita consumption greater 
than the official poverty line. Results suggest that the earthquake might have a larger impact on 
subjective poverty than on objective poverty (see tables (1.2), (1.3), and (1.4)). Although 
consumption is an outcome that is also affected by the earthquake itself, I add it as an 
explanatory variable to the subjective poverty regression in table (1.3) (results not shown). By 
doing so, we can further test whether there exist other factors beyond consumption that affect 
                                                
17 A more accurate approach would consider household’s province of residence right before the earthquake. 
Unfortunately, only the province of birth is available in the data. 
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subjective welfare and that are also affected by the earthquake. The coefficient from a regression 
that also includes the logarithm of per capita consumption is similar to the one obtained in table 
(1.3) and statistically significant. Subjective poverty increases by 13.1 percent after the 
earthquake within 80 kilometers of the earthquake epicenter, even after controlling for the 
logarithm of household consumption. This result provides additional evidence that the 
earthquake generates a welfare loss beyond its reduction on household consumption. 
As a fourth robustness check, this paper estimates additional regressions that use 
alternative distance cut-offs for the variables indicating households living close to or at a 
medium distance from the earthquake epicenter. Current variables are based on the mean 
distance to the earthquake epicenter within the most affected provinces. Results are similar when 
using 90 or 100 kilometers instead of 80 kilometers as the distance cut-off for defining those 
households situated close to the earthquake epicenter or when considering only one group: those 
households living within 140 kilometers of the earthquake. Results also hold when replacing 
Affected Provinces by the entire Ica region in panel A of tables (1.2) and (1.3) (results not 
shown). 
Finally, we could further analyze the evolution of the impact of the earthquake on 
subjective and objective poverty. The earthquake happened in August 2007, dividing that year 
into two periods: (i) before the earthquake (January - July) and (ii) after the earthquake (August - 
December). In order to increase comparability, all the years are also divided into these two 
periods. The following regression is estimated 
(1.4) Poorijt = ! j +!t +"1Close to Earthquakej +"2Middle Dis tance to Earthquakej
+ #1rClose to Earthquakejrt
r
! + #2rMiddle Dis tance to Earthquakejrt
r
!
+ X ijt '$ +%ijt
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where Close to Earthquakejrt and Middle Distance to Earthquakejrt indicate a household living 
close to and at a medium distance from the earthquake epicenter when t = r (r = January-July 
2007, August-December 2007, …, August-December 2009) (see Angrist and Kugler 2008). The 
coefficient β1r measures the impact of the earthquake on the poverty status of households living 
within 80 kilometers of the earthquake epicenter in moment r, while the coefficient β2r measures 
the impact of the earthquake on the poverty status of households living between 80 kilometers 
and 140 kilometers from the earthquake epicenter also in moment r.  
Figures (1.3) and (1.4) show the estimation of the coefficients β1r and β2r for the 
objective poverty equation, respectively, together with their 95 percent confidence intervals. 
Panel (a) of both figures shows estimations using the entire period 2004-2009, while panel (b) 
shows results restricting the sample to the period 2007-2009. Close to the earthquake (figure 
(1.3)), estimates are not statistically significant before the earthquake occurs, which gives further 
support to the empirical identification strategy used in this paper since no trend is observed prior 
to the earthquake. Objective poverty increases by five percent right after the earthquake between 
August and December 2007. However, it decreases after December 2007 within 80 kilometers of 
the earthquake epicenter. No impact is observed at a medium distance from the earthquake 
epicenter (figure (1.4)). Similar results are obtained when constraining the sample to the years 
2007-2009 in panel (b) of figures (1.3) and (1.4). 
Results are different for subjective poverty, as shown in figures (1.5) and (1.6). Since the 
subjective poverty question used in this paper is not available before 2007, the figures only show 
estimations constrained to the period 2007-2009. Figure (1.5) shows an increment in subjective 
poverty right after the earthquake, which is larger than the increment in objective poverty. 
Between August and December 2007, subjective poverty increases about 15 percent close to the 
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earthquake epicenter. More interestingly, that increment in subjective poverty persists over time 
until December 2009. Lower and less significant results are obtained at a medium distance from 
the earthquake epicenter (figure (1.6)). 
6.3. Province- and Household-level Earthquake Intensity Measures and Instrumental Variables 
The 2007 earthquake in Peru was a relatively strong focalized shock. Therefore, it is likely that 
the strategy used in section (6.1) correctly identifies the impact of the earthquake on subjective 
and objective poverty. However, it is also likely that other events may have occurred that might 
be correlated with both the earthquake’s occurrence and household’s poverty status. If this is the 
case, the identification strategy might incorrectly attribute the increase on poverty to the 
earthquake. Panel A of table (1.7) addresses this particular issue; the table shows two regressions 
using province-level earthquake intensity measures to estimate the impact of the earthquake on 
poverty. Each row represents a different regression using a different intensity measure. The first 
row uses the number of homes destroyed, while the second row uses the number of injured.   
Objective and subjective poverty increases after the earthquake in provinces with large 
numbers of homes destroyed and the increment on subjective poverty more than doubles the 
increase on objective poverty. An increment of the number of homes destroyed in a province by 
10,000 increases objective and subjective poverty by 3.1 and 7.5 percent, respectively. A slightly 
different result is obtained when using the number of injured as the province-level intensity 
measure. An increment of the number of injured by 100 increases subjective poverty by 3 
percent and it does not affect objective poverty.  
Since province-level intensity variables may be correlated with unobserved trends in 
poverty levels, this paper uses distance information as an instrument for province-level intensity 
measures. Table (1.8) shows the two first stage regressions using Close to Earthquake and 
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Middle Distance to Earthquake as instruments for Homes Destroyed in column 1 and Injured in 
column 2. There are a larger number of homes destroyed within 80 kilometers of the earthquake 
epicenter and a similar number of injured close to and at a medium distance from the earthquake. 
The F-statistics for the joint test of instrument significance do not indicate a potential weak 
instrument bias. IV results in Panel B of table (1.7) confirm the OLS results in panel A; the sign, 
magnitude, and statistical significance of the estimations are almost identical in both panels of 
the table.18 
Note that, when using the average number of households destroyed in table (1.8), IV 
results represent a 4.4 (1.261*0.035) and a 14.7 (1.261*.117) increase in objective and subjective 
poverty respectively. These results are almost identical to those obtained in table (1.3). Results 
are moderately different when using the number of injured as an intensity measure. The number 
of injured is associated with a larger impact on subjective poverty at a medium distance from the 
earthquake and it has no effect on objective poverty. IV results represent a 4.4 (2.002*0.022) and 
7.5 (3.391*0.022) increase in subjective poverty close to and at a medium distance from the 
earthquake, respectively. 
Panels A and B of table (1.7) assume that every household living in provinces affected by 
the earthquake has actually suffered from the earthquake. However, there might be some 
households living within affected provinces who are unaffected by the shock. Therefore, 
household-level intensity measures can be used to more accurately measure the impact of the 
earthquake on poverty. OLS regressions in panel C of table (1.7) address this particular issue; 
Natural Disasters captures whether households were affected by natural disasters within the 
                                                
18 I also use the number of dead per province as a province-level intensity measure. However, this is likely not to be 
an appropriate measure of intensity; the number of dead is relatively low and about 30 percent of deaths occurred as 
a result of the collapse of a cathedral in Pisco city (Tavera 2009). Coefficients estimates are not statistically 
significant and instruments are weak when using this measure (results not shown). 
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previous 12 months.19 Suffering from natural disasters increases subjective poverty by 7.1 
percent and it does not affect objective poverty.20  
Since household-level intensity measures may also be correlated with trends in poverty 
levels, this paper uses distance information as an instrument for household-level intensity 
measures. Column 3 of table (1.8) shows the first stage regression using Close to Earthquake and 
Middle Distance to Earthquake as instruments for Natural Disasters. All the relevant 
interactions are positive and statistically significant. After the earthquake, households suffering 
from natural disasters increase by 57.3 and 51.0 percent close to and at a medium distance from 
the earthquake, respectively. More importantly, the F-statistic for the joint test of instrument 
significance is well above the threshold that would indicate a potential weak instrument.   
Panel D of table (1.7) shows the IV results using household-level intensity measures and 
instrumenting for the distance to the earthquake. The impact on objective poverty is statistically 
significant once we instrument the household-level intensity measure using the distance 
information. Suffering from natural disasters increases objective and subjective poverty by 9.8 
and 15.4 percent, respectively.  
Two points are relevant from this section. First, panels A through D of table (1.7) confirm 
results in section (6.1). Overall, the table shows that objective and subjective poverty increase 
and the impact of the earthquake on subjective poverty is larger than its impact on objective 
poverty. In fact, most of the estimates in this section are similar in sign and magnitude to those in 
section (6.1). Second, results suggest that omitted variable bias might not be about a concern 
                                                
19 Household-level intensity measures are likely to be robust to local migration; one would expect that a person who 
migrated as a consequence of the earthquake will answer that her household was affected by natural disasters within 
the previous 12 months, even when her current place of residence is far from the earthquake epicenter. 
20 Since the household-level intensity measure used in this paper refers to the previous 12 months, table (1.7) 
considers households surveyed between January 2007 and August 2008 (one year after the earthquake 
occurred). 
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when using intensity measures. Estimates in panel A are similar to those in panel B and estimates 
in panel C are consistent to those in panel D. 
6.4 Discussion of the Mechanisms 
In order to study the mechanisms by which the 2007 earthquake in Peru affects subjective 
welfare, specific household-level information on the earthquake’s impact and its economic 
consequences are required. Since this information is not available, this section instead uses 
information on the economic consequences of natural disasters available in the perception 
questionnaire of the ENAHO survey (see section (4.1)). 
One of the most direct impacts of natural disasters is the loss of productive capital (Baez 
et al. 2009). According to Carter, Little, Mogues, and  Negatu (2007), there might exist a poverty 
trap, represented by a minimum asset threshold, below which asset growth is not feasible and 
from which households cannot recover. Therefore, since assets may serve as a means to generate 
income, temporary shocks might produce lower future income if they lead to irreversible losses 
of assets (Hoddinott 2006). Lower and more uncertain expected incomes may be the source of 
lower welfare at the current level of income (Ravallion and Lokshin 2001). 
There might also exist an indirect impact of the earthquake on individual well-being. For 
example, Di Tella et al. (2003) find that recessions generate a psychic cost that extends beyond 
the rise in unemployment. The authors observe that an increase of joblessness affects happiness 
through two channels: (i) a direct effect - i.e., people become less happy because they lose their 
jobs - and (ii) an indirect effect - i.e., higher unemployment increases unhappiness even among 
those who are employed. They argue that this indirect impact might reflect “some form of fear-
of-unemployment” or higher future taxes to fund larger unemployment benefits. We can also 
think of an indirect impact of natural disasters on welfare. Even when not directly affected by 
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natural disasters, people may be afraid and feel more vulnerable to the economic consequences 
of these types of shocks. 
Table (1.9) takes advantage of the availability of province- and household-level intensity 
measures to estimate the direct and indirect impact of the earthquake. Panel A includes province-
level earthquake intensity measures as in panel A of table (1.7), together with the household-
level intensity measure used in panel C of the same table.21 Panel B includes the same province-
level earthquake intensity measures, together with the economic consequences from suffering 
natural disasters. These economic consequences are: (i) reduction of income, (ii) loss of assets, 
(iii) both, and (iv) none (the dropped category is not suffering from natural disasters). The 
household-level intensity measure captures the direct impact of the earthquake, while province-
level intensity measures represent the indirect impact of the earthquake. The table considers two 
province-level intensity measures: the number of homes destroyed in column 1 and the number 
of injured in column 2.22  
According to column 1 of the table, the earthquake indirectly affects subjective poverty. 
An increment of the number of homes destroyed by 10,000 increases subjective poverty about 
eight percent once we control for the household-level intensity measure. Additionally, suffering 
from natural disasters increases subjective poverty by 6.1 percent and this impact is mainly 
driven by the joint reduction of income and assets. Losing assets but not income does not 
increase subjective poverty, presumably because these assets are not linked to the production of 
income. Similarly, losing income but not assets does not increase subjective poverty, presumably 
                                                
21 Like in panel C of table (1.7), table (1.9) considers households surveyed between January 2007 and August 
2008 (one year after the earthquake occurred). 
22 Yang (2008) uses a similar approach to identify the direct and indirect impact on migration of the two earthquakes 
that hit El Salvador in 2001. Since migration demands a sizable fixed cost, the author argues that aggregate shocks 
that affect many people simultaneously may indirectly reduce migration by making more difficult to access to credit. 
The author includes household- and aggregate-level indicators to study the direct and indirect impact of the 
earthquakes respectively. 
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because people are likely to smooth income (e.g., by selling assets that have not been destroyed 
by the earthquake). 
Column 2 of the table shows similar results; the probability of being subjectively poor 
increases by 6.2 percent after the earthquake when households suffer from natural disasters and 
this result is also fueled by the joint reduction of income and assets. In addition, the earthquake 
may indirectly increase subjective poverty when using number of injured as the province-level 
intensity measure. An increment of the number of injured by 100 increases subjective poverty 
about 2.1 percent.  
Altogether, the table suggests that the joint loss of productive assets and income increases 
subjective poverty, presumably because it leads to lower expected incomes in the future. The 
table also suggests that the earthquake may indirectly reduce household’s welfare, even for those 
households who declare being unaffected by the shock.  
Since household- and province-level intensity measures may be correlated with 
unobserved trends in poverty poverty, results in table (1.9) cannot be interpreted as causal.23 
However, comparison between panels A and B and panels C and D of table (1.7) suggests that 
omitted variable bias might not be about a concern. 
7. Conclusion 
Recently, there has been a growing interest from economists on using measures of subjective 
well-being and welfare. This paper contributes to the literature by providing an interesting case 
of study: the impact of an exogenous, highly destructive, and relatively localized shock on 
subjective poverty. This is the first paper studying the causal impact of a large-scale natural 
disaster, the 2007 Earthquake in Peru, on subjective poverty. This paper also contributes to the 
                                                
23 It is difficult to think of a set of instruments under this particular setting. 
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literature on natural disasters by studying the “non-pecuniary” cost of the earthquake; it explores 
the impact of this event on welfare that extends beyond its reduction on household consumption.  
All results show that both objective and subjective poverty increase after the earthquake. 
More importantly, the paper provides suggestive evidence of a significantly larger impact of the 
shock on subjective poverty in comparison to its impact on objective poverty. The increment in 
objective poverty is estimated to be on the order of 0-10 percentage points, while the increment 
in subjective poverty is estimated to be on the order of 10-15 percentage points. Results also 
show that the probability of being subjectively but not objectively poor increases by 10 percent 
after the earthquake within 80 kilometers of the earthquake, while the shock does not affect the 
probability of being objectively but not subjectively poor. These results provide evidence that the 
earthquake generates a welfare loss that extends beyond its reduction on household consumption. 
This paper emphasizes the importance of using questions on subjective economic 
welfare. First, answers to questions on subjective poverty are considered as proxies for 
individual welfare; therefore, they provide the opportunity to measure the impact of shocks on 
welfare in a more direct manner. Second, and more importantly, results provide an interesting 
case study of a situation where poverty measured in terms of consumption increases slightly, but 
people perceive themselves considerably poorer. We might understate the true impact of highly 
destructive natural disasters by focusing only on consumption; people might feel poor even when 
consumption is only moderately affected by these events. Lastly, even those who are not directly 
affected by the earthquake may suffer from these events. There appear to be, what Di Tella et al. 
(2003) call, a psychic cost of natural disasters.24 This cost is usually ignored by standard 
economics. Consequently, we might also understate the true impact of natural disasters by 
focusing only on those who suffered these types of shocks.  
                                                
24 Di Tella et al. (2003) refer to the psychic cost of recessions. 
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8. Figures and Tables 
Figure 1.1: Peru Regional Map Indicating the Earthquake Epicenter 
 
 
Note: The location of the epicenter was taken from Nation Geophysical Institute of Peru 





Figure 1.2: Objective Poverty in Peru in 2006 by Regions 
 
 
Note: TU = Tumbes, MD = Madre de Dios, TA = Tacna, ICA = Ica, LC = Lima and 
Callao, AR = Arequipa, MO = Moquegua, LAM = Lambayeque, AN = Ancash, LAL = 
La Libertad, JU = Junin, CU = Cuzco, PI = Piura, UC = Ucayali, SM = San Martin, AM 
= Amazonas, LR = Loreto, CA = Cajamarca, PA = Pasco, HO = Huanuco, AP = 
Apurimac, AY = Ayacucho, PU = Puno, and HA = Huancavelica. Results are weighted 
using survey-sampling weights. Objective poverty indicates that total household per 
capita consumption is lower than the official moderate poverty line. Data source: INEI - 
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Figure 1.3: Evolution of the Impact of the Earthquake on Objective Poverty within 80 km 
of the Epicenter 
 
 
Note: Robust 95% confidence intervals in gray lines, clustered at the province level. All 
regressions control for the identity of the person answering the module on perception, age 
of the head of the household, gender of the head of the household, education of the head 
of the household, urban-rural areas, and natural regions of Peru (Costa, Sierra, Selva, and 
Lima). Estimates are restricted to the sample of regions with the lowest proportion of 
poor households in 2006: Arequipa, Ica, Lima and Callao, Madre de Dios, Moquegua, 
Tacna, and Tumbes. “J-J” refers to the period January-July, while “A-D” refers to the 
period August-December. Objective poverty indicates that total household per capita 
consumption is lower than the official moderate poverty line. The dashed vertical line 
represents the moment of the earthquake. “J-J - 07” is omitted from regressions. Data 



































































































































Figure 1.4: Evolution of the Impact of the Earthquake on Objective Poverty Between 80 
and 140 km from the Epicenter 
 
 
Note: Robust 95% confidence intervals in gray lines, clustered at the province level. All 
regressions control for the identity of the person answering the module on perception, age 
of the head of the household, gender of the head of the household, education of the head 
of the household, urban-rural areas, and natural regions of Peru (Costa, Sierra, Selva, and 
Lima). Estimates are restricted to the sample of regions with the lowest proportion of 
poor households in 2006: Arequipa, Ica, Lima and Callao, Madre de Dios, Moquegua, 
Tacna, and Tumbes. “J-J” refers to the period January-July, while “A-D” refers to the 
period August-December. Objective poverty indicates that total household per capita 
consumption is lower than the official moderate poverty line. The dashed vertical line 
represents the moment of the earthquake. “J-J - 07” is omitted from regressions. Data 



































































































































Figure 1.5: Evolution of the Impact of the Earthquake on Subjective Poverty within 80 
km of the Epicenter 
 
 
Note: Robust 95% confidence intervals in gray lines, clustered at the province level. All 
regressions control for the identity of the person answering the module on perception, age 
of the head of the household, gender of the head of the household, education of the head 
of the household, urban-rural areas, and natural regions of Peru (Costa, Sierra, Selva, and 
Lima). Estimates are restricted to the sample of regions with the lowest proportion of 
poor households in 2006: Arequipa, Ica, Lima and Callao, Madre de Dios, Moquegua, 
Tacna, and Tumbes. “J-J” refers to the period January-July, while “A-D” refers to the 
period August-December. Subjective poverty indicates that the head of the household or 
her spouse consider her household as very poor or poor. The dashed vertical line 
represents the moment of the earthquake. “J-J 07” is omitted from regressions. Data 




Figure 1.6: Evolution of the Impact of the Earthquake on Subjective Poverty between 80 
and 140 km from the Epicenter 
 
Note: Robust 95% confidence intervals in gray lines, clustered at the province level. All 
regressions control for the identity of the person answering the module on perception, age 
of the head of the household, gender of the head of the household, education of the head 
of the household, urban-rural areas, and natural regions of Peru (Costa, Sierra, Selva, and 
Lima). Estimates are restricted to the sample of regions with the lowest proportion of 
poor households in 2006: Arequipa, Ica, Lima and Callao, Madre de Dios, Moquegua, 
Tacna, and Tumbes. “J-J” refers to the period January-July, while “A-D” refers to the 
period August-December. Subjective poverty indicates that the head of the household or 
her spouse consider her household as very poor or poor. The dashed vertical line refers to 
the moment of the earthquake. “J-J 07” is omitted from regressions. Data source: INEI - 





Table 1.1: Pre-earthquake Descriptive Statistics in the Most Affected Region, Selected Control 










[1] [2] [3] 
        
Objective Poverty 0.181 0.194 0.504*** 
  [0.020] [0.005] [0.004] 
Household is Affected by Natural Disaster 0.009 0.005   0.124*** 
  [0.011] [0.003] [0.002] 
        
Head of Household’s Age  50.005  50.710  49.735 
  [0.676] [0.173] [0.144] 
Head of Household is Male   0.762   0.757   0.795* 
  [0.018] [0.005] [0.004] 
Head of Household’s Years of Education   8.762   9.764***   6.525*** 
  [0.206] [0.053] [0.044] 
Head of Household Answers Perception Questionnaire   0.689   0.712   0.752*** 
  [0.019] [0.005] [0.004] 
Urban Area   0.779   0.916***   0.466*** 
  [0.018] [0.005] [0.004] 
Observations in 2006 820 6,285 13,472 
Note: Stars in columns 2 and 3 refer to those characteristics that are statistically different from 
those shown in column 1. * significant at 10%, ** significant at 5%, and *** significant at 1%. 
Results are weighted using survey-sampling weights. “Most Affected Region” in column 1 
refers to the Ica region. “Selected Control” in column 2 refers to the least poor regions before 
the earthquake in 2006 (Arequipa, Lima and Callao, Madre de Dios, Moquegua, Tacna, and 
Tumbes). Column 3 considers the “Rest of Peru”. Objective poverty indicates that total 
household per capita consumption is lower than the official moderate poverty line. Data 




Table 1.2: Measuring the Impact of the Earthquake on Objective and Subjective Poverty 
Before and After the Earthquake 





Panel A: Affected Provinces     
      
Affected Provinces * After 0.000   0.107*** 
  [0.012] [0.035] 
Panel B: Distance to the Earthquake Epicenter     
      
Close to Earthquake * After 0.017      0.130**  
     [0.014]       [0.055]    
Middle Distance to Earthquake * After 0.002 0.036 
     [0.026]       [0.040]    
Close to the Earthquake      0.100**      -0.211*** 
     [0.037]       [0.061]    
Middle Distance to the Earthquake 0.004     -0.110**  
     [0.015]       [0.044]    
Observations 22,022 22,022 
Month-year of Interview Fixed Effects Yes Yes 
Province Fixed Effects Yes Yes 
Province-specific Time Trends No No 
Note: Robust standard errors in brackets, clustered at the province level. * significant at 
10%, ** significant at 5%, and *** significant at 1%. All regressions control for the identity 
of the person answering the module on perception, age of the head of the household, gender 
of the head of the household, education of the head of the household, urban-rural areas, and 
natural regions of Peru (Costa, Sierra, Selva, and Lima). Estimates are restricted to the 
sample of regions with the lowest proportion of poor households in 2006: Arequipa, Ica, 
Lima and Callao, Madre de Dios, Moquegua, Tacna, and Tumbes. “Affected provinces” are: 
Chincha, Pisco, and Ica. “Close to the Earthquake” indicates a household situated within 80 
km of the earthquake epicenter. “Middle Distance to the Earthquake” indicates a household 
situated between 80 km and140 km from the earthquake epicenter. “After” denotes a 
household surveyed after the month of the earthquake (August, 2007). Objective poverty 
indicates that total household per capita consumption is lower than the official moderate 
poverty line. Subjective poverty indicates that the head of the household or her spouse 
considers her household as very poor or poor. Data source: INEI - Peruvian National 





Table 1.3: Measuring the Impact of the Earthquake on Objective and Subjective Poverty 
Before and After the Earthquake, Including Province-specific Time Trends 





Panel A: Affected Provinces     
      
Affected Provinces * After 0.009   0.124*** 
  [0.027] [0.034] 
Panel B: Distance to the Earthquake Epicenter     
      
Close to Earthquake * After      0.044***      0.151*** 
     [0.011]       [0.051] 
Middle Distance to Earthquake * After -0.001 0.047 
     [0.037]       [0.048]    
Close to the Earthquake      0.078**      -0.222*** 
     [0.034]       [0.059]    
Middle Distance to the Earthquake 0.005     -0.113**  
     [0.016]       [0.052]    
Observations 22,022 22,022 
Month-year of Interview Fixed Effects Yes Yes 
Province Fixed Effects Yes Yes 
Province-specific Time Trends Yes Yes 
Note: Robust standard errors in brackets, clustered at the province level. * significant at 
10%, ** significant at 5%, and *** significant at 1%. All regressions control for the identity 
of the person answering the module on perception, age of the head of the household, gender 
of the head of the household, education of the head of the household, urban-rural areas, and 
natural regions of Peru (Costa, Sierra, Selva, and Lima). Estimates are restricted to the 
sample of regions with the lowest proportion of poor households in 2006: Arequipa, Ica, 
Lima and Callao, Madre de Dios, Moquegua, Tacna, and Tumbes. “Affected provinces” are: 
Chincha, Pisco, and Ica. “Close to the Earthquake” indicates a household situated within 80 
km of the earthquake epicenter. “Middle Distance to the Earthquake” indicates a household 
situated between 80 km and 140 km from the earthquake epicenter. “After” denotes a 
household surveyed after the month of the earthquake (August, 2007). Objective poverty 
indicates that total household per capita consumption is lower than the official moderate 
poverty line. Subjective poverty indicates that the head of the household or her spouse 
considers her household as very poor or poor. Data source: INEI - Peruvian National 




Table 1.4: Measuring the Impact of the Earthquake on the Probability of Being Objectively 
but not Subjectively Poor and on the Probability of Being Subjectively but not Objectively 
Poor 








      
Close to Earthquake * After      0.106**  -0.001 
     [0.039]       [0.020]    
Middle Distance to Earthquake * After 0.048 0.001 
     [0.054]       [0.031]    
Close to the Earthquake     -0.217***      0.083*** 
     [0.045]       [0.029]    
Middle Distance to the Earthquake -0.082      0.036*** 
     [0.049]       [0.010]    
Observations 22,022 22,022 
Month-year of Interview Fixed Effects Yes Yes 
Province Fixed Effects Yes Yes 
Province-specific Time Trends Yes Yes 
Note: Robust standard errors in brackets, clustered at the province level. * significant at 10%, 
** significant at 5%, and *** significant at 1%. All regressions control for the identity of the 
person answering the module on perception, age of the head of the household, gender of the 
head of the household, education of the head of the household, urban-rural areas, and natural 
regions of Peru (Costa, Sierra, Selva, and Lima). Estimates are restricted to the sample of 
regions with the lowest proportion of poor households in 2006: Arequipa, Ica, Lima and 
Callao, Madre de Dios, Moquegua, Tacna, and Tumbes. “Close to the Earthquake” indicates 
a household situated within 80 km of the earthquake epicenter. “Middle Distance to the 
Earthquake” indicates a household situated between 80 km and 140 km from the earthquake 
epicenter. “After” denotes a household surveyed after the month of the earthquake (August, 
2007). Objective poverty indicates that total household per capita consumption is lower than 
the official moderate poverty line. Subjective poverty indicates that the head of the 
household or her spouse considers her household as very poor or poor. Data source: INEI - 




Table 1.5: Measuring the Impact of the Earthquake on the Probability of Being Objective and 
Subjective Poverty by Gender and Education of the Household Head 
            
  
Gender   Education 
Female Male   Primary or Less 
More than 
Primary 
[1] [2]   [3] [4] 
Panel A: Objective Poverty           
            
Close to Earthquake * After   0.144*** 0.019   0.010   0.061* 
  [0.046] [0.018]   [0.068] [0.036] 
Middle Distance to Earthquake * After -0.039 0.013   0.043 -0.004 
  [0.030] [0.034]   [0.043] [0.025] 
Close to the Earthquake -0.087   0.111***   0.162 0.038 
  [0.069] [0.030]   [0.117] [0.028] 
Middle Distance to the Earthquake -0.006 0.006   0.021 -0.012 
  [0.031] [0.015]   [0.088] [0.024] 
Panel B: Subjective Poverty           
            
Close to Earthquake * After   0.126*   0.161***     0.140**    0.152*** 
  [0.071] [0.048]   [0.062] [0.050] 
Middle Distance to Earthquake * After 0.009 0.059   -0.038 0.085 
  [0.036] [0.069]   [0.046] [0.051] 
Close to the Earthquake -0.175  -0.251***    -0.241**   -0.187*** 
  [0.115] [0.058]   [0.107] [0.067] 
Middle Distance to the Earthquake -0.046  -0.137**    -0.047  -0.133**  
  [0.079] [0.056]   [0.052] [0.055] 
Observations 5,275 16,747   6,721 15,301 
Month-year of Interview Fixed Effects Yes Yes   Yes Yes 
Province Fixed Effects Yes Yes   Yes Yes 
Province-specific Time Trends Yes Yes   Yes Yes 
Note: Robust standard errors in brackets, clustered at the province level. * significant at 10%, ** 
significant at 5%, and *** significant at 1%. All regressions control for the same variables and are 
restricted to the same sample of regions as in table (1.2). “Close to the Earthquake” indicates a 
household situated within 80 km from the earthquake epicenter. “Middle Distance to the 
Earthquake” indicates a household situated beyond 80 km but within 140 km from the earthquake 
epicenter. “After” denotes a household surveyed after the month of the earthquake (August, 
2007). Objective poverty indicates that total household per capita consumption is lower than the 
official moderate poverty line. Subjective poverty indicates that the head of the household or her 
spouse consider her household as very poor or poor. Data source: INEI - Peruvian National 
Household Survey (ENAHO), 2007, 2008, and 2009. 
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Table 1.6: Refutability Test and Impact of the Earthquake by Place of Residence 





Panel A: Using Lima and Callao Region as Affected Region   
      
Lima and Callao * After -0.017 0.000 
     [0.018]       [0.033]    
Panel B: Using Distance Between 140 km and 280 km from the Epicenter  
      
Living Between 140 km and 280 km from Earthquake * After -0.021 -0.021 
     [0.018]       [0.039]    
Living Between 140 km and 280 km from Earthquake     -0.253***     -0.281*** 
     [0.020]       [0.047]    
Panel C: Migration - Using Province of Birth     
      
Close to Earthquake * After      0.056**       0.185*** 
     [0.027]       [0.029]    
Middle Distance to Earthquake * After -0.009 0.006 
     [0.032]       [0.057]    
Close to the Earthquake 0.022     -0.238**  
     [0.052]       [0.095]    
Middle Distance to the Earthquake -0.030 -0.123 
     [0.036]       [0.102]    
Observations in Panel A 19,213 19,213 
Observations in Panel B 19,608 19,608 
Observations in Panel C 9,197 9,197 
Month-year of Interview Fixed Effects Yes Yes 
Province Fixed Effects Yes Yes 
Province-specific Time Trends Yes Yes 
Note: Robust standard errors in brackets, clustered at the province level. * significant at 10%, 
** significant at 5%, and *** significant at 1%. All regressions control for the same variables 
and are restricted to the same sample of regions as in table (1.2). Estimates in panel A exclude: 
(i) Ica region and (ii) Canete province in Lima and Callao region. Panel B excludes those 
households living within 140 km of the earthquake epicenter. Panel C is restricted to the 
sample of households whose current province of residence is the same as the province of birth 
of the head of the household. “Lima and Callao” refers to a household living in Lima and 
Callao region. “Living Between 140 km and 280 km from Earthquake” indicates a household 
living between 140 and 280 km from the earthquake epicenter. “Close to the Earthquake” 
indicates a household situated within 80 km from the earthquake epicenter. “Middle Distance 
to the Earthquake” indicates a household situated between 80 km and 140 km from the 
earthquake epicenter. “After” denotes a household surveyed after the month of the earthquake 
(August, 2007). Objective poverty indicates that total household per capita consumption is 
lower than the official moderate poverty line. Subjective poverty indicates that the head of the 
household or her spouse considers her household as very poor or poor. Data source: INEI - 




Table 1.7: OLS and IV Estimations Measuring the Impact of the Earthquake Using Province- 
and Household-Level Intensity Measures and Instrumenting Using Distance to the Epicenter 





Panel A: Province-level Intensity Measures - OLS Estimations     
      
Homes Destroyed [1/10,000] * After   0.031***   0.075**  
   [0.006] [0.035] 
Injured [1/100] * After -0.002   0.030*** 
  [0.006] [0.009] 
Panel B: Province-level Intensity Measures - IV Estimations     
      
Homes Destroyed [1/10,000] * After      0.035**       0.117*** 
                                 [0.014]       [0.036]    
Injured [1/100] * After 0.003      0.022**  
     [0.006]       [0.009]    
Panel C: Household-level Intensity Measures - OLS Estimations     
      
Natural Disasters 0.038      0.071**  
     [0.025]       [0.028]    
Panel D: Household-level Intensity Measures - IV Estimations     
      
Natural Disasters      0.098*        0.154**  
     [0.054]       [0.066]    
Observations in Panel A and B 22,022 22,022 
Observations in Panel C and D 11,649 11,649 
Month-year of Interview Fixed Effects Yes Yes 
Province Fixed Effects Yes Yes 
Province-specific Time Trends Yes Yes 
Data source: INEI - Peruvian National Household Survey (ENAHO), 2007, 2008, and 2009. 
Note: Robust standard errors in brackets, clustered at the province level. * significant at 10%, 
** significant at 5%, and *** significant at 1%. All regressions control for the same variables 
and are restricted to the same sample of regions as in table (1.2). “After” denotes a household 
surveyed after the month of the earthquake (August, 2007). Objective poverty indicates that 
total household per capita consumption is lower than the official moderate poverty line. 
Subjective poverty indicates that the head of the household or her spouse considers her 
household as very poor or poor. Province-level intensity measures in panel A and B come from 
the International Federation of Red Cross and Red Crescent Societies (IFRC 2007). Panel C 
and D consider households surveyed between January 2007 and August 2008 (one year after 
the earthquake occurred). 
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Table 1.8: First Stage Regression of the IV Estimations Measuring the Impact of the Earthquake 
Dependent Variable: 
Intensity Measures 




[1/100]   
Natural 
Disaster 
[1] [2]   [3] 
          
Close to Earthquake * After       1.261***      2.002***        0.573*** 
     [0.210]       [0.402]         [0.046]    
Middle Distance to Earthquake * After  0.356      3.391***        0.510*** 
     [0.286]       [0.844]         [0.088]    
Close to the Earthquake      -0.995***     -1.990***       -0.268*** 
     [0.161]       [0.437]         [0.056]    
Middle Distance to the Earthquake -0.301     -3.070***       -0.305*** 
     [0.238]       [0.837]         [0.059]    
Observations 22,022 22,022   11,649 
Partial F-statistic 11.698 177.528   39.445 
Partial R2 0.701 0.738   0.072 
Month-year of Interview Fixed Effects Yes Yes   Yes 
Province Fixed Effects Yes Yes   Yes 
Province-specific Time Trends Yes Yes   Yes 
Note: Robust standard errors in brackets, clustered at the province level. * significant at 10%, ** 
significant at 5%, and *** significant at 1%. All regressions control for the identity of the person 
answering the module on perception, age of the head of the household, gender of the head of the 
household, education of the head of the household, urban-rural areas, and natural regions of Peru 
(Costa, Sierra, Selva, and Lima). Estimates are restricted to the sample of regions with the lowest 
proportion of poor households in 2006: Arequipa, Ica, Lima and Callao, Madre de Dios, 
Moquegua, Tacna, and Tumbes. “After” denotes a household surveyed after the month of the 
earthquake (August, 2007). “Close to the Earthquake” indicates a household situated within 80 
km of the earthquake epicenter. “Middle Distance to the Earthquake” indicates a household 
situated between 80 km and 140 km from the earthquake epicenter. Province-level intensity 
measures come from the International Federation of Red Cross and Red Crescent Societies 
(IFRC 2007). Column 3 considers households surveyed between January 2007 and August 2008 
(one year after the earthquake occurred). Data source: INEI - Peruvian National Household 
Survey (ENAHO), 2007, 2008, and 2009. 
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Table 1.9: Mechanisms Driving the Impact of the Earthquake on Subjective Poverty 
      
Dependent Variable: [1] [2] Subjective Poverty 
Panel A: Without Considering Consequences of Natural Disasters     
      
Homes Destroyed [1/10,000] * After      0.081***   
                                 [0.025]      
Injured [1/100] * After        0.021*   
       [0.011]    
Natural Disasters      0.061**       0.062**  
     [0.028]       [0.029]    
Panel B: Considering Consequences of Natural Disasters      
      
Homes Destroyed [1/10,000] * After      0.069**    
                                 [0.029]      
Injured [1/100] * After        0.019*   
       [0.011]    
Consequences of Natural Disasters:     
      
     -Reduction of Income 0.006 0.005 
     [0.035]       [0.036]    
     -Loss of Assets 0.042 0.042 
     [0.032]       [0.034]    
     -Both      0.175***      0.177*** 
     [0.049]       [0.046]    
    - None 0.025 0.022 
     [0.090]       [0.093]    
Observations 11,649 11,649 
Month-year of Interview Fixed Effects Yes Yes 
Province Fixed Effects Yes Yes 
Province-specific Time Trends Yes Yes 
Note: Robust standard errors in brackets, clustered at the province level. * significant at 10%, ** 
significant at 5%, and *** significant at 1%. All regressions control for the same variables and 
are restricted to the same sample of regions as in table (1.2). Subjective poverty indicates that 
the head of the household or her spouse consider her household as very poor or poor. “Reduction 
of Income” indicates whether the household-level intensity measure (natural disasters) reduced 
household income. “Loss of Assets” indicates whether the household-level intensity measure 
(natural disasters) reduced household assets. The table considers households surveyed between 
January 2007 and August 2008 (one year after the earthquake occurred). Data source: INEI - 








TO BE POOR OR TO FEEL POOR: SUBJECTIVE POVERTY LINE ESTIMATION IN 
PERU 
 
A man’s as miserable as he thinks he is.  
Lucius Annaeus Seneca (Philosopher, 4 BC – 65 AD). 
1. Introduction 
 
A poverty line can be defined as the minimum monetary cost of the utility level required to be 
non-poor, given current prices and household characteristics (Ravallion 1998). In practice, 
poverty lines can be divided into three categories: (i) absolute, (ii) relative, and (iii) subjective 
(van Praag, Hagenaars, and van Weeren 1982; Hagenaars and van Praag 1985; Hagenaars and de 
Vos 1988; de Vos and Garner 1991; Deaton 1997; Ravallion 1998). According to the absolute 
definition, poverty means to have less welfare than an absolute minimum, regardless of the 
situations of others in the society (Hagenaars and de Vos 1988). According to the relative 
definition, poverty means to have relatively less than others and, consequently, poverty depends 
on the general welfare level of the society (van Praag et al. 1982). These first two categories 
define poverty as an objective situation, in the sense that experts are the ones determining the 
poverty line in terms of some accepted welfare measure, such as income or consumption. 
Criticisms of these two approaches are based mainly on the inherent subjectivity and 
arbitrariness in determining the poverty threshold (Goedhart, Halberstadt, Kapteyn, and van 
Praag 1977; van Praag et al. 1982; Hagenaars and de Vos 1988; Flik and van Praag 1991; Deaton 
1997; Pradhan and Ravallion 2000; Ferrer-i-Carbonell and van Praag 2001).  
This paper takes a more psychological approach to estimate the poverty line. It focuses 
on the subjective definition of poverty, which can be situated somewhere between the absolute 
and the relative definition (Hagenaars and van Praag 1988; Hagenaars and de Vos 1988). Under 
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the subjective method, poverty is obtained from people’s opinions regarding their own situations 
and assumes that individuals are the best judges of their own personal welfare level (Goedhart et 
al. 1977; Stanovnik 1991; Flik and van Praag 1991; Vos and Garner 1991). The main difference 
between the objective definitions and the subjective definition of poverty is that experts 
determine the poverty line under the first method, while the poverty line is indirectly set by 
respondents in the the second method (Ferrer-i-Carbonell and van Praag 2001). In practice, 
subjective poverty lines may differ from objective ones. For example, Ravallion and Lokshin 
(2002) find large differences between the weights applied to variables used to construct objective 
poverty lines and the weights implicitly set by respondents of subjective poverty questions. They 
argue that the main role of subjective poverty data is to learn about how to use objective data – 
i.e., subjective data should be used as a complement, rather than as a substitute, of objective data. 
This paper makes three contributions to the existing literature on subjective poverty lines. 
First, it is the first paper that estimates the subjective poverty line by means of a survey question 
that asks individuals whether they consider their households to be poor or not. Following 
Ravallion and Lokshin (2002), I call this question the Economic Welfare Question. This paper 
argues that the survey question used is the most appropriate to estimate the subjective poverty 
line, since it overcomes the main limitations of other subjective poverty questions used in earlier 
studies. Second, comparison between different subjective methods is not common in the 
subjective poverty line literature, especially in developing countries. In this paper, results using 
the Economic Welfare Question are uniquely compared, over a period of six years, with results 
from other subjective questions used in earlier studies. This helps to understand how consistent 
poverty measures are between different types of subjective poverty questions and over time. 
Third, the paper studies a developing country: Peru. The existing literature on subjective well-
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being and welfare is mainly focused on developed nations. Nevertheless, developing economies 
provide more opportunities to study poverty and inequality (Powdthavee 2007). 
Results suggest that the subjective poverty rate based on the Economic Welfare Question 
is greater than the objective poverty rate in Peru, though the difference is decreasing over time to 
the point that both poverty ratios are almost identical in 2009. Even when both poverty rates are 
similar, weights on the components of the objective poverty line of Peru do not generally 
correlate with the weights implicitly set by respondents of subjective questions on poverty. There 
are also some differences between regional objective and subjective poverty profiles; objective 
poverty rates are greater in rural areas compared with urban areas and the urban-rural gap is even 
greater under the subjective method. 
2. Subjective Poverty Lines in Practice 
Since Easterling (1974), many economists have used (or discussed the uses of) subjective 
questions on welfare and well-being, including Pradhan and Ravallion (2000); Di Tella, 
MacCulloch, and Oswald (2001, 2003); Ferrer-i-Carbonel and Van Praag (2001); Ravallion and 
Lokshin (2001, 2002); Gruber and Mullainathan (2004), Luttmer (2005), Kahneman and Krueger 
(2006); Deaton (2008); and Stiglitz, Sen, and Fitoussi (2009) among others.25 In particular, many 
economists have focused on estimating poverty by means of subjective welfare questions, the 
motivation of this paper. The closest references to the present paper are Goedhart et al. (1977); 
Mangahas (1995); Pradhan and Ravallion (2000); and Ferrer-i-Carbonell and Van Praag (2001).  
Goedhart et al. (1977) introduce the pioneer method to estimate the subjective poverty 
line. Their method is based on answers to the Minimum Income Question, which asks 
individuals to report the necessary level of income that their households require to make ends 
                                                
25 Well-being refers to satisfaction with life as a whole, while welfare refers to a narrower concept of economic 
satisfaction (Ravallion and Lokshin 2002; Ferrer-i-Carbonell 2002). 
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meet. The authors regress the logarithm of answers to the Minimum Income Question on the 
logarithm of the actual household income and on the logarithm of household size. The subjective 
poverty line is determined by equalizing household total income to the expected answer to the 
Minimum Income Question. 
According to Pradhan and Ravallion (2000), the method based on the Minimum Income 
Question has a severe limitation; it is possible that respondents have a concept of income in mind 
when answering the Minimum Income Question that does not correspond with the measure of 
income derived from surveys. The authors mention that this limitation might represent an 
important threat to the validity of answers to the Minimum Income Question, especially in 
developing countries where income is not always a precise concept and where it is usually 
obtained from several sources. 
Pradhan and Ravallion (2000) propose a method to overcome this limitation. They 
estimate the subjective poverty line of Jamaica and Nepal by means of qualitative assessments of 
perceived consumption adequacy of food, housing, and clothing. They present two methods to 
estimate the subjective poverty line without using the Minimum Income Question. The first 
method uses the perceived consumption adequacy of food alone, while the second one adds the 
perceived consumption adequacy of non-food items. We can call this question the Consumption 
Adequacy Question. Unfortunately, the authors do not compare results using the Consumption 
Adequacy Question with results using the Minimum Income Question in order to test whether 
the limitation of the last one is valid or not in a developing country context.26 
                                                
26 In this paper I focus on a developing country: Peru. In addition, the survey used in this paper includes the 
Minimum Income Question, as well as all the other subjective questions on poverty mentioned in this section. This 
particular setting allows to compare results using the Minimum Income Question with results using the rest of the 
subjective questions on welfare, which might be informative in terms of the validity of the Minimum Income 
Question in a developing country context. 
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The method based on the Consumption Adequacy Question has two limitations. First, the 
poverty line that considers non-food items requires the estimation of several models, one for 
every consumption item. The estimation of several models reduces the precision of the estimates 
of the poverty line, a limitation that is recognized by the authors. Second, the Consumption 
Adequacy Question assumes consumption to be the relevant welfare indicator for ranking 
households in terms of poverty, instead of letting individuals define their own level of welfare. 
This limitation also applies to the Minimum Income Question - i.e., income is one among many 
factors influencing economic welfare (Ravallion and Lokshin 2001, 2002). 
Ferrer-i-Carbonell and Van Praag (2001) estimate the subjective poverty line in Russia 
using the following question on economic welfare: How satisfied are you with the financial 
situation of your family? Answers range from zero to ten, zero being Not at all satisfied and ten 
being Very satisfied. After assuming that poverty is defined by the situation of those who 
evaluate their financial situation to be lower than or equal to three, the authors estimate the 
monetary value of the poverty line. Following Ravallion and Lokshin (2001), we can call this 
question the Economic Ladder Question. 
Ferrer-i-Carbonell (2002) argues that there is no need to arbitrarily impose what welfare 
means when using the Economic Ladder Question; individuals define their own level of welfare 
instead. Therefore, the Economic Ladder Question overcomes the second limitation of the 
Consumption Adequacy Question. However, the poverty line is not set by respondents in Ferrer-
i-Carbonell and Van Praag (2001). Instead, the authors define as poor those who determine their 
financial situation to be lower than or equal to three. This particular feature can be considered a 
disadvantage of the Economic Ladder Question when estimating poverty lines; the poverty line 
needs to be arbitrarily imposed by the authors. The authors recognize that the choice of the cut-
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off point “is purely arbitrary, it is a political decision”. 27 This fact is particularly relevant in their 
paper, since the proportion of individuals who feel dissatisfied with their financial situation 
varies considerably depending on the cut-off considered.28 
Finally, Mangahas (1995) uses a poverty-self-rating approach to measure poverty in the 
Philippines. Estimations are based on the Economic Welfare Question, which asks individuals 
whether they consider themselves poor, borderline, or not poor. The author estimates the poverty 
rate by directly averaging answers to the Economic Welfare Question. However, this empirical 
strategy has a limitation; it does not make an allowance for heterogeneity when estimating 
poverty, as is frequently done in the subjective poverty line literature. Respondents with the same 
level of consumption might give different answers to the Economic Welfare Question, but they 
have to be classified as equally poor (see Pradhan and Ravallion 2000). 
This paper considers the Economic Welfare Question to be the most suitable question for 
estimating the subjective poverty line, since it overcomes all the limitations of earlier methods. 
First, it does not use the Minimum Income Question. Therefore, the limitations of the Minimum 
Income Question do not apply to the Economic Welfare Question. Second, it does not assume 
income or consumption to be the most relevant welfare indicator to measure poverty; individuals 
instead define their own level of economic welfare. Last, third parties are not needed to 
arbitrarily determine the poverty line; respondents are the ones who implicitly set the poverty 
line by ranking their households as poor or non-poor.29 Therefore, this paper uses the Economic 
                                                
27 Ferrer-i-Carbonell and Van Praag (2001) also estimate what they call the Subjective Well-being Line using the 
following question on subjective well-being: How satisfied are you with your life as a whole? Answers also range 
from zero to ten, zero being Not at all satisfied and ten being Very satisfied. The authors define poor those 
individuals who determine their satisfaction as four. This cut-off point differs from the cut-off chosen for the 
Economic Ladder Question, which is in line with the arbitrariness mentioned in the text. 
28 For example, the authors show that 58 percent of the individuals answered that satisfaction with their financial 
situation is below three, 68 percent that it is below four, and 83 percent that is below five. 
29 Mangahas (1995) also argue that the estimate is a povery line rather than a making-ends-meet line because the 
Economic Welfare Questions explicitly uses the word poor. Similarly, Ravallion and Lokshin (2002) argue that, “by 
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Welfare Question and applies an empirical strategy that overcomes the limitation of the method 
used by Mangahas (1995). The empirical strategy relies on Pradhan and Ravallion (2000) and 
Ferrer-i-Carbonell and Van Praag (2001). 
3. Data 
This paper uses the 2004-2009 nationally representative Peruvian National Household Survey 
(ENAHO) developed by the Peruvian Statistics Bureau (INEI). The ENAHO is a repeated cross 
sectional survey that contains rich information on household income, household consumption, 
and subjective welfare questions. The survey’s main objectives are to measure poverty evolution 
and household’s living condition, among others. 
The survey includes the following Economic Welfare Question: According to your 
economic situation, do you consider your household to be: (i) very poor (ii) poor, (iii) more or 
less poor, or (iv) non-poor?, which is a key aspect of the ENAHO for this study. The question is 
presented to the head of the household or her spouse. The survey collected answers to this 
question from about 65,000 heads of household or their spouses between 2007 and 2009. This 
paper defines subjective poor as those households whose head or spouse answer very poor or 
poor, about 45 percent of the households between 2007 and 2009.30  
The survey also collected detailed information on consumption and income from about 
125,000 households between 2004 and 2009.31 Information on consumption is used to estimate 
objective poverty. The “official” poverty in Peru is estimated using an objective absolute 
                                                                                                                                                       
using the word poor and non-poor, the EWQ [Economic Welfare Questions] focuses on a narrower concept of 
economic welfare than the ladder of life questions” on satisfaction with life as a whole or happiness (see footnote 
(25)). 
30 Over 40 percent of respondents answered more or less poor between 2007 and 2009, which if classified as poor 
results in exceedingly high subjective poverty rates. 
31 Measures of income or consumption typically found in the subjective poverty literature are often derived from a 
single survey question, which creates problems in terms of reliability of these measures (Ravallion and Lockshin 
2002). This is not the case of this study; the ENAHO survey has a relatively detailed questionnaire on consumption 
and income. 
 51 
approach based on two types of objective poverty lines: (i) the extreme poverty line and (ii) the 
moderate poverty line. The extreme poverty line is the monetary value required to buy a food 
basket necessary to meet basic needs. The moderate poverty line adds to the extreme poverty line 
the monetary value required to satisfy non-food needs, such as clothing, housing, health, 
transportation, etc. This paper defines objective moderate or extreme poor as those individuals 
whose per capita household consumption is lower than the official moderate or extreme poverty 
line, respectively.32 
There are two features of the ENAHO survey that make this study unique in comparison 
to previous studies on subjective poverty line estimation. First, the survey asks several questions 
on subjective welfare found in earlier studies mentioned in section (2). These questions can be 
used to compare the method proposed in the present paper with previous methods found in the 
literature. Second, answers to these questions are available spanning several years, which also 
allows the comparison of the evolution of poverty measures over time.  
Table (2.1) shows summary statistics of the questions on subjective poverty available in 
the ENAHO survey. The first question asks: How much do you estimate the necessary monthly 
minimum amount required for your household to live? (consider food, clothing, health, 
education, transportation, etc.). This question is available from 2004 to 2009 and can be 
considered similar to the Minimum Income Question. Second, the survey asks: In your home, do 
you meet the minimum requirements of… The question considers each of the following items in 
turn: (i) food, (ii) clothes, (iii) housing, (iv) health and personal care, (v) transportation, and (vi) 
education and recreation. Possible answers are: (i) none, (ii) little, (iii) pretty much, and (iv) 
                                                
32 The objective poverty status is the same for all members within households. Since one of the objectives of this 
paper is to compare the subjective poverty based on the Economic Welfare Question with the objective official 
poverty, the perception of the household head or her spouse about the poverty status of her household is also 
assigned to all the household members (i.e., if a household head considers that her household is poor, then all the 
members within that household are considered subjectively poor). 
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enough. These questions are available from 2004 to 2006 and can be considered similar to the 
Consumption Adequacy Question.33 Third, the survey asked: Do you consider that your 
household is…? Answers range from one to five, one being poor and five being rich. This 
question is available from 2004 to 2006 and can be considered similar to the Economic Ladder 
Question. The last subjective question is the Economic Welfare Question, which is available 
from 2007 to 2009 and which is the focus of this paper.34 
4. Empirical Strategy 
We could proceed as Mangahas (1995) by averaging answers to the Economic Welfare Question. 
Table (2.2) shows that in 2009, 44 percent of the individuals are subjectively poor based on 
answers to the Economic Welfare Question, while 35 percent are objectively poor based on the 
official poverty lines in 2009. The table also shows the proportion of individuals who coincide in 
terms of subjective and objective measures of poverty; 43 percent of the individuals are both 
subjectively and objectively non-poor, while 22 percent are both objectively and subjectively 
poor. In total, 66 percent of the households coincide in terms of both measures and the 
correlation between the two measures is 0.29.  
Even when there is a considerably large coincidence between subjective and objective 
poverty, close to 34 percent of individuals do not coincide in terms of poverty classification. In 
particular, 13 percent of the individuals are objectively but not subjectively poor, while 21 
percent of individuals are subjectively but not objectively poor.  
                                                
33 For simplicity, this paper only considers the minimum requirement of food, which is equivalent to the question 
used in the first method developed by Pradhan and Ravallion (2000) (see section (2)). This survey question asks 
about the adequacy of the number of daily meals consumed by households. 
34 With the exception of the Minimum Income Question, all the other subjective poverty questions are not available 
the first semester of 2004. Therefore, for consistency, the first semester of 2004 is excluded when analyzing the 
Minimum Income Question. 
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Ravallion and Lokshin (2002) also observe that subjective assessments of economic 
welfare deviate from objective measures of poverty in Russia. They propose two hypotheses to 
explain the disparity that exists between both measures: (i) the “Wrong Weight Hypothesis” and 
(ii) the “Low Dimensionality Hypothesis”. The first hypothesis states that the difference between 
objective and subjective measures is the result of the way the components of the poverty line are 
weighted. They find that there are noticeable differences between the weights applied to 
variables used to construct objective poverty lines and the weights implicitly set by respondents 
of subjective poverty questions.35 The second hypothesis states that, even if components of the 
poverty line were correctly weighted, consumption might provide a poor representation of an 
individual’s subjective welfare. They find that subjective poverty is determined by many 
additional factors, such as health, education, and employment, among others. By constructing the 
subjective poverty line using the Economic Welfare Question, this paper mainly focuses on the 
first of these two hypotheses. 
Table (2.2) does not account for heterogeneity when measuring subjective poverty; self-
rated welfare is likely to vary even among those individuals with the same level of consumption. 
In order to account for this heterogeneity when measuring poverty, and to additionally consider 
economies of scale and regional differences, we can proceed as Ravallion and Lokshin (2002) by 
modeling the latent unobservable continuous variable !i
* !!mi
* , which determines whether 
household i is considered poor or not. We can think of 
! 
" i
*  as the subjective welfare level of the 
head of the household i (or her spouse) and 
! 
"mi
*  as the individual poverty line in the welfare 
space. Therefore, !i
* !!mi
*  represents the propensity to consider household i as non-poor. 
Following the literature on subjective poverty line estimation, we can assume a log-linear 
                                                
35 Ravallion and Lokshin (2002) re-weight the components of the poverty line using answers to the Economic 
Ladder Question. However, the authors do not estimate the subjective poverty line. 
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specification for household consumption and a linear specification for observed and unobserved 
determinants of !i
* !!mi
*   
(2.1) !i
* !!mi
* =" ln(yi )+ xi '# +$i  
where yi is household consumption, xi is a vector of household characteristics which capture 
economies of scales and regional differences, and !i  is a zero mean error. Under this particular 
setting, a person will answer that her household i is poor if !i
* !!mi
* < 0  and non-poor otherwise. 
If !i
* !!mi
*  were observed, we would be able to estimate α and!  by standard regression 
methods based on the sample (!i
* !!mi
* , ln(yi), xi). However, !i
* !!mi
*  is not observed by the 
researcher studying self-reported perceptions of household poverty. The researcher only observes 
! 
" i =1 when poor and 
! 
" i = 0 when non-poor. Assuming that residuals are N(0,1) distributed, the 
probability of classifying household i as non-poor is 
(2.2) P(!i = 0 | ln(yi )+ xi ) = P(!i* !!mi* > 0 | ln(yi )+ xi )
="(" ln(yi )+ xi '#)
 
where !(") is the standard normal cumulative distribution. The parameters can be estimated, up 
to a scale, by means of a standard probit model. 
According to equation (2.1), an individual will classify her household as non-poor if 
!i
* !!mi
* > 0 and poor otherwise, at a given value of yi, xi, and!i . The subjective poverty line is 
the level of yi above which individuals classify their households as non-poor on average. 
Therefore, we can define the monetary value of the subjective poverty line ym, at the mean value 
of xi, and!i , as the level of household’s consumption that makes 
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E[!i* !!mi* | ln(ym ), x ]= "ˆ ln(ym )+ x ' #ˆ = 0 , where x  is the mean value of xi and !ˆ  and !ˆ  are 
the estimated parameters from equation (2.2). The logarithm of the poverty line is36 
(2.3) ln(ym ) = !!ˆ!1(x ' "ˆ)  
Figure (2.1) illustrates the empirical strategy using the ENAHO survey. The figure shows 
the estimated probability of self-rating non-poor at every level of household total consumption, 
using consumption as the unique regressor. Heads of household with a consumption level y > ym
tend to classify their households as non-poor - i.e., the predicted probability 
P(!* !!m* > 0 | ln(y)) = P(! = 0 | ln(y))> 0.5 .37 The opposite happens when consumption is 
below ym; heads of household tend to classify their households as poor. Then, ym can be 
considered the monetary value of the subjective poverty line. 
Equation (2.2) is the conditional version of figure (2.1). In order to make objective and 
subjective measures comparable, xi includes the same components as the objective poverty line. 
The objective poverty line in Peru varies mainly per region (24 in total) and area (urban vs. 
rural). Therefore, xi in equation (2.3) includes area and region specific fixed effects. Since the 24 
regions are divided into urban and rural areas when computing the objective poverty line in Peru, 
xi includes 48 fixed effects in total. In addition, the objective poverty line in Peru does not 
                                                
36 Note that we can only identify the normalized version of the parameters from the latent model. However, we can 
perfectly identify !ˆ!1"ˆ . This allows us to identify the subjective poverty line from answers to the Economic 
Welfare Question. 
37 The unconditional version of equation (2.1) is 
!i
* !!mi
* = "1 +"2 ln(yi )+#i  
where !i is a zero mean error term. Similarly, the unconditional version of equation (2.2) is: 
P(!i* !!mi* > 0 | ln(yi ))= P(!i = 0 | ln(yi )) ="("1 +"2 ln(yi )) . The value ym in figure (2.1) is the value of y such 
that E[!i* !!mi* | ln(ym )]= "ˆ1 + "ˆ2 ln(ym ) = 0 . Since!(0) = 0.5 , P(!i* !!mi* > 0 | ln(y) = ln(ym )) = 0.5 . 
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consider economies of scale in household size; it has a constant per capita value. However, 
earlier studies have found considerable economies of scale when estimating subjective poverty 
lines. Then, xi in equation (2.3) also includes the logarithm of household size.38 Since xi includes 
the same components as the ones used to construct the objective poverty line, the Wrong Weight 
Hypothesis can be tested by comparing the weights !ˆ!1"ˆ *(!1)  in equation (2.3) with the weights 
used by the Peruvian Statistics Bureau to construct the objective poverty line.39 
Poverty lines are estimated at the mean value of the explanatory variables, as in equation 
(2.3), while the poverty rate is calculated using individual specific poverty lines (Pradhan and 
Ravallion 2000). Standard errors of the poverty line in equation (2.3) are obtained using the 
Delta Method. 
Except for the subjective poverty question used, the empirical strategy is the same as the 
one used by Pradhan and Ravallion (2000) and Ferrer-i-Carbonell and Van Praag (2001). As 
pointed out by Pradhan and Ravallion (2000), this strategy is of interest because it resembles the 
objective method based on nutritional requirements, where the poverty line is the minimum level 
of expenditure at which requirements for normal activity levels are met. Here, nutritional 
requirements are replaced by answers to the Economic Welfare Question. 
5. Empirical Results 
5.1 Subjective Poverty Line and Poverty Rate Estimation 
Table (2.3) presents probit models of the probability of being non-poor according to self-rated 
poverty assessments of heads of household based on the Economic Welfare Question. Variables 
included in the model are: (i) the logarithm of total household consumption, (ii) the logarithm of 
the household size, and (iii) urban-rural region-specific fixed effects.  
                                                
38 The logarithm is used to be consistent with the literature on subjective poverty. 
39 See section (5.2) for a test of the Wrong Weight Hypothesis in Peru. 
 57 
Household consumption is positively correlated with heads of household’s subjective 
assessment of welfare, while household size is negatively correlated with the probability of 
rating oneself non-poor. This means that, if family size increases and consumption remains 
constant, the probability that the household head considers her household as poor also increases. 
The elasticity of the subjective poverty line with respect to the family size is 0.64, 0.68, and 0.63 
in 2007, 2008, and 2009 respectively. These numbers can be obtained dividing 0.58 by 0.89 in 
2007, 0.50 by 0.74 in 2008, and 0.46 by 0.72 in 2009. 
Average objective and subjective per capita poverty lines are presented in table (2.4). 
Objective poverty lines are the moderate “official” poverty lines of Peru, which refer to the 
monetary value required to satisfy food as well as non-food needs, such as clothing, housing, 
health, transportation, etc. Subjective poverty lines are based on equation (2.3) and derived from 
probit models in table (2.3). These subjective poverty lines are estimated at the mean value of 
regressors and normalized by the average household size.  
The average objective poverty line increases over time to adjust for changes in the cost of 
living in Peru; the national poverty line is $229.37 in 2007, $251.03 in 2008, and $257.10 in 
2009. It is remarkable how similar average objective and subjective poverty lines are, although 
they differ in terms of their evolution. The subjective poverty line also increases from $240.20 in 
2007 to $259.88 in 2008, however it decreases to $229.13 in 2009.  
Panel A of table (2.4) also shows urban-rural average per capita objective and subjective 
poverty lines, while panel B shows average per capita objective and subjective poverty lines by 
natural regions of Peru (Costa, Sierra, Selva, and Metropolitan Lima). Urban-rural comparisons 
are particularly interesting in the poverty literature, since different methods used to calculate 
poverty lines give different results (Pradhan and Ravallion 2000). Moderate objective poverty 
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lines are greater in urban areas compared with rural areas, reflecting the relatively high cost of 
living in urban areas. However, the opposite happens when applying the subjective method; rural 
subjective poverty lines are greater than urban subjective poverty lines. It is difficult to explain 
this particular result. One hypothesis might be that, conditional on household consumption, 
access to goods and services in rural areas is lower than in urban ones. Therefore, a household 
head might consider her household poor when living in rural areas, even when household income 
is high enough to buy all the necessary goods and services required to be non-poor. 
Regional objective and subjective aggregate poverty rates are given in table (2.5). 
Objective poverty rates are obtained using (moderate) objective poverty lines, while subjective 
poverty rates are obtained using household-specific subjective poverty lines based on the 
Economic Welfare Question, derived from probit models in table (2.3). The table defines as 
objectively poor those individuals living in households with a per capita consumption lower than 
the objective poverty line, while it defines as subjectively poor those individuals living in 
households with a total consumption lower than the household-specific subjective poverty line. 
Both national objective and subjective poverty rates are remarkably similar in levels and in 
tendency, with the subjective poverty rate decreasing at a higher rate. In 2007, the subjective 
poverty rate is 45.86 percent, greater than the objective poverty rate of 39.29 percent. However, 
the difference between both poverty rates decreases over time to the point that both measures are 
about 35 percent in 2009. 
Even when similar at the national level, objective poverty rates differ from subjective 
poverty rates when considering urban and rural sectors and natural areas of Peru. The objective 
poverty rate is greater in rural areas compared to urban areas and the urban-rural gap is even 
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greater under the subjective method. A similar result is also found by Pradhan and Ravallion 
(2000) for the cases of Nepal and Jamaica using the Food Consumption Adequacy Question.  
It is interesting to notice that the objective poverty ranking between natural regions is the 
same under the subjective method. In 2009, Rural Sierra is the poorest rural region under both 
the objective and subjective poverty methods, followed by Rural Selva and Rural Costa. Also in 
2009, Urban Selva is the poorest urban region in terms of both the objective and subjective 
poverty methods, followed by Urban Sierra, Urban Costa, and Metropolitan Lima. 
Table (2.6) and (2.7) penalize the inequality among the poorest; table (2.6) shows the 
poverty gap index, while table (2.7) presents the squared poverty gap index (Foster, Greer, and 
Thorbecke 1984). These two tables show differences between objective and subjective methods 
in urban areas that are comparable to those obtained in table (2.5). However, differences between 
objective and subjective methods are relatively larger in rural areas. Since the poverty gap and 
the squared poverty gap penalize the distance from the poverty line, these results suggest that, in 
rural areas, the gap between subjective poverty lines and household expenditures might be 
greater that the gap between objective poverty lines and household expenditures. 
5.2 Is the Wrong Weights Hypothesis Valid in Peru? 
Table (2.2) shows that 34 percent of individuals do not coincide in terms of objective and 
subjective measures of poverty. This section explores in more detail one of the two hypotheses 
offered by Ravallion and Lokshin (2002) to explain the discrepancy between both measures: the 
Wrong Weight Hypothesis. According to this hypothesis, the difference between objective and 
subjective measures of poverty may result from the weighting of the components of the objective 
poverty line being different from the weights individuals assign to the same components when 
answering the Economic Welfare Question.   
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Table (2.3) provides suggestive evidence supporting the validity of the Wrong Weight 
Hypothesis. The table shows the coincidence and correlation between “actual” subjective poverty 
and “predicted” subjective poverty based on the estimation of probit models in table (2.3). An 
individual is predicted to be poor whenever her household total consumption is below her 
household-specific subjective poverty line.40 The table shows a modest improvement when the 
components of the objective poverty line are re-weighted using answers to the Economic 
Welfare Question. In 2009, the table shows that 69 percent of the individuals coincide in terms of 
both measures compared to 66 in table (2.2), and the correlation between the two measures is 
0.36 compared to 0.29 in table (2.2). 
Following Ravallion and Lokshin (2002), the hypothesis can also be tested more directly 
by comparing the weights on the components of the objective poverty line with the weights on 
the component of the subjective poverty line. Objective poverty lines are usually defined as a 
function of a vector of characteristics xi (e.g., in the case of Peru, xi mainly reflects differences in 
the cost-of-living between regions and between urban and rural areas). Therefore, in order to get 
the weights on the components of the objective poverty line, the authors run the following 
regression 
(2.4) ln(pi ) = xi '! + vi  
where pi is the objective poverty line, !  are the weights on the components of the objective 
poverty line, and vi  is an error term. In order to test the Wrong Weight Hypothesis, Ravallion 
and Lokshin (2002) compare the weights on the components of the objective poverty line, ! , 
with the weights on the components of the subjective poverty lines. 
                                                
40 The same result is obtained if an individual is define as predicted poor whenever her estimated poverty rank from 
probit models in table (2.3) is lower than 0.5. 
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Table (2.8) presents the weights on the components of the objective and subjective 
poverty line in 2009, together with their standard errors. The weights on the components of the 
objective poverty line are obtained from regressing the logarithm of the per capita objective 
poverty line on rural-urban region fixed effects as in equation (2.4), while the weights on the 
components of the subjective poverty lines are given by the estimation of !ˆ!1"ˆ *(!1)  in equation 
(2.3). The objective poverty line in Peru does not consider economies of scale in household size; 
it has a constant per capita value. Therefore, xi does not include household size when estimating 
the weights of the objective poverty line; it includes 48 fixed effects, one for every urban and 
rural area within the 24 regions of Peru.41 The subjective method includes the same 48 urban-
rural fixed effects, together with household size, to account for economies of scale (the weights 
on household size are not shown in the table).  
Even when objective and subjective poverty lines and poverty rates are similar at the 
national level (see tables (2.4) and (2.5)), the weights on the components of the objective poverty 
line do not generally correlate with the weights implicitly set by respondents of the Economic 
Welfare Question. Table (2.8) presents convincing evidence of the validity of the Wrong Weight 
Hypothesis in Peru; Peruvians’ perceptions on poverty deviate from the differences in the 
regional cost-of-living implicit in the objective poverty line. 
5.3 Comparison between Subjective Poverty Rations over Time 
The ENAHO survey collects information on several measures of subjective poverty over a 
period of six years, which allows for a unique comparison of the level and the trend of the 
subjective poverty rate that arises when using the Economic Welfare Question with results from 
other subjective poverty questions used in earlier studies (see table (2.1)). Two questions are 
                                                
41 The R2 of the regression is 0.975. 
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relevant in this section. First, is the subjective poverty rate based on the Economic Welfare 
Question similar to the subjective poverty rates based on the Minimum Income Question and the 
Food Consumption Adequacy Question? The Minimum Income Question and the Consumption 
Adequacy Question assume that income and consumption are the relevant welfare indicators for 
ranking households in terms of poverty, respectively. Alternatively, when answering the 
Economic Welfare Question, individuals define their own level of welfare. Second, how 
different is the poverty rate based on the Economic Welfare Question from the poverty rate that 
arises from answers to the Economic Ladder Question? When using the Economic Ladder 
Question, the poverty line needs to be arbitrarily imposed by third parties. Alternatively, when 
answering the Economic Welfare Question, individuals implicitly set the poverty line. 
In order to answer the first question, the objective extreme and moderate poverty rate 
together with the evolution of the subjective poverty rates based on the Economic Welfare 
Question, the Minimum Income Question, and the Food Consumption Adequacy Question are 
presented in figure (2.2) and in appendix A.3. All the subjective poverty rates in the figure refer 
to the proportion of individuals living in households with a level of consumption (or income in 
the case of the Minimum Income Question) lower than the corresponding household-specific 
subjective poverty line. Objective methods use the extreme and moderate poverty line. The 
poverty line based on the Economic Welfare Question is obtained from models in table (2.3). 
The poverty line based on the Minimum Income Question comes from equalizing household 
total income with the expected value of answers to the Minimum Income Question, where the 
expected value is obtained from regressing the logarithm of answers to the Minimum Income 
Question on the logarithm of household income, the logarithm of household size, and urban-rural 
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region fixed effect (see Goedhart et al. 1977).42 Finally, the method based on the Food 
Consumption Adequacy Question is the same as the one based on the Economic Welfare 
Question, where answers to the Food Consumption Adequacy Question are used as a dependent 
variable instead of answers to the Economic Welfare Question in equation (2.2) (see Pradhan and 
Ravallion 2000). Households are defined as poor whenever they answer nothing or low to the 
Food Consumption Adequacy Question (see table (2.1)). Estimation of models using the 
Minimum Income Question and the Food Consumption Adequacy Question are shown in 
appendix A.1 and A.2. 
Except for the Minimum Income Question, subjective methods give reasonable results, 
both in levels and over time. The Economic Welfare Question and the Food Consumption 
Adequacy Question are similar to the objective methods. As expected, the Food Consumption 
Adequacy Question is similar to the extreme objective poverty rate, since both are based only on 
food necessities. Additionally, the Economic Welfare Question is similar to the moderate 
objective poverty rate, as already observed in table (2.5). However, even when considering other 
consumption items apart from food as necessities, the Minimum Income Question approach is 
closer to the extreme objective poverty rate and to the subjective poverty rate based on the Food 
                                                
42 Goedhart et al. (1977) estimate the following regression 
 
ln(zmi ) = ! ln(zi )+ xi '" + vi  
 
where zmi is respondent’s subjective minimum income obtained from answers to the Minimum Income Question, zi 
is household total income, and vi is a zero mean error term. The logarithm of the subjective poverty line z*m, at the 
mean value of xi and vi, is  
 
ln(zm* ) = (1! !ˆ)!1(x '"ˆ)  
 
Individuals with income below z*m feel on average that their income does not make ends meet, while they feel the 
opposite when their income is above z*m. 
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Consumption Adequacy Question.43 This result is thought-provoking; it suggests that the critique 
of the Minimum Income Question might be valid. It is not evident that we can always obtain 
sensible answers from the Minimum Income Question in developing countries.44 
In order to answer the second question, figure (2.3) and appendix A.3 present the 
evolution of the subjective poverty rate based on the Economic Welfare Question and the 
Economic Ladder Question. Once again, all poverty rates in the figure measure the proportion of 
individuals whose household total consumption is lower than the corresponding poverty line. 
The poverty line based on the Economic Welfare Question is obtained from models in table (2.3) 
as before. The method based on the Economic Ladder Question is the same as the one based on 
the Economic Welfare Question, where answers to the Economic Ladder Question are used as a 
dependent variable instead of answers to the Economic Welfare Question in equation (2.2) (see 
Ferrer-i-Carbonell and Van Praag. 2001). Answers to the Economic Ladder Question range from 
one to five, one being poor and five being rich. The ELQ(1) chooses one as the dividing line 
between poverty and non-poverty, while the ELQ(2) chooses two as the corresponding cut-off 
point. Estimations of models using the Economic Ladder Question are shown in appendix A.1. 
About 10 percent are poor according to the ELQ(1), while about 80 percent are poor 
according to the ELQ(2). The poverty rate based on the Economic Welfare Question, where the 
poverty line is implicitly set by respondents, lies half way between the ELQ(1) and the ELQ(2). 
The figure suggests that the threshold implicitly selected by respondents when answering the 
Economic Welfare Question matters for poverty analysis. When using the Economic Ladder 
                                                
43 In Peru, the Minimum Income Question asks for the minimum amount required to afford food, clothing, footwear, 
health, education, transportation, etc. (see section (3)). 
44 Although the critique of the Minimum Income Question is first introduced by Pradhan and Ravallion (2000), the 
authors do not compare the subjective poverty rate that arises from using the Minimum Income Question with the 
one based on the Consumption Adequacy Question. 
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Question to obtain poverty lines, one might obtain results significantly different from the 
Economic Welfare Question depending on the arbitrary cut-off selected.  
7. Conclusion 
This paper focuses on the subjective definition of the poverty line, which is derived from the 
opinion of people concerning their own situations and which assumes that individuals are the 
best judges of their own personal welfare level. The paper emphasizes the importance of 
including questions on subjective economic welfare in surveys; one can obtain meaningful and 
reliable information from subjective questions to analyze poverty.  
The subjective poverty line in Peru is estimated by means of what it is considered in this 
paper to be the most suitable question for the problem at hand: the Economic Welfare Question. 
This survey question asks individuals whether they consider themselves poor or non-poor and is 
chosen in this paper as a means to overcome the main limitations of other subjective questions 
used in earlier studies. First, the question does not assume income or consumption to be the 
relevant welfare indicator for ranking households in terms of poverty; individuals define their 
own level of economic welfare. Second, respondents are the ones who implicitly set the poverty 
line by ranking their households as poor or non-poor. 
This paper shows that the proportion of individuals whose consumption is below their 
household-specific subjective poverty line is higher than the proportion of individuals whose 
consumption is lower that the objective poverty line. However, the difference between both 
poverty rates is decreasing over time to the point that they are almost identical in 2009. There are 
some regional differences; the official poverty rate is greater in rural areas compared to urban 
ones and the urban-rural gap is even greater when using the subjective question. 
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Results using the proposed question on subjective welfare are uniquely compared over a 
six-year period with results from other subjective questions on poverty used in earlier studies. 
Subjective methods give sensible results, both in levels and over time. The only exception is the 
question based on the minimum income required to make ends meet; results suggest that it is not 
always evident that we can obtain sensible answers when using this question in developing 
countries.  
Finally, the paper also highlights the importance of using subjective questions on poverty 
where respondents implicitly set the poverty line. When answering whether they feel poor or not 
(instead of choosing a number from a ladder of welfare), respondents implicitly determine the 
monetary value of the poverty line; there is no room for third parties to arbitrarily select the 
subjective poverty line.  
One caveat needs to be considered. In order to estimate the subjective poverty line by 
means of the Economic Welfare Question, this paper classifies as poor those individuals who 
answer very poor or poor, while it classifies as not poor those who answer more or less poor and 
non-poor. It is not entirely clear that those who answer more or less poor are actually not poor, 
since they do not answer non-poor. Similarly, it is also not clear whether they are poor, since 
they do not answer very poor or poor. This paper classifies this borderline group as not poor, 
since poverty would be exceedingly high otherwise. However, one can be sure that some errors 
are made when classifying individuals this way. Therefore, it is important not to leave room for 
ambiguities when designing surveys that include the Economic Welfare Question in order to take 
full advantage of the fact that respondents self-classify into poor or not poor when answering this 
type of question. 
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8. Figures and Tables 
Figure 2.1: Unconditional Subjective Poverty Line Estimation Based on the Economic 
Welfare Question in 2009 
 
 
Data source: INEI - Peruvian National Household Survey (ENAHO), 2009. 
Note: The figure shows the log-linear probit estimation of the probability of self-rating 
non-poor on household total expenditure. Estimations are weighted using survey-
sampling weights. Natural logarithms are used. The value ym is the subjective poverty line 
based equation (2.3). The Economic Welfare Question (EWQ) is based on the following 
question: According to your economic situation, do you consider that your household is: 
(i) very poor?, (ii) poor?, (iii) more or less poor?, or (iv) non-poor? The question is 
asked to the head of the household or her spouse. The figure classifies as poor those 
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Figure 2.2: Comparison between Objective Poverty and Subjective Poverty Using the 
Economic Welfare Question (EWQ), the Minimum Income Question (MIQ), and the 
Food Consumption Adequacy Question (CAQ) 
 
 
Data source: INEI - Peruvian National Household Survey (ENAHO), 2004 - 2009. 
Note: Moderate Obj. refers to the poverty measured using the official moderate poverty 
line. Extreme Obj. refers to the poverty measured using the official extreme poverty line. 
The MIQ is based on the following survey question: How much do you estimate the 
necessarily monthly minimum amount required for your home to live? (Consider food, 
clothing, footwear, health, education, transportation, etc.). The CAQ is based on the 
following survey question: In your home, do meet the minimum requirements of food? 
Possible answers are: (i) none, (ii) little, (iii) pretty much, and (iv) enough. Finally, the 
Economic Welfare Question is based on the following question: According to your 
economic situation, do you consider that your household is: (i) very poor?, (ii) poor?, 
(iii) more or less poor?, or (iv) non-poor? All the questions are asked to the head of the 
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Figure 2.3: Comparison between Subjective Poverty Using the Economic Welfare 
Question (EWQ) and Different Cut-offs of the Economic Ladder Question (ELQ) 
 
 
Data source: INEI - Peruvian National Household Survey (ENAHO), 2004 - 2009. 
Note: EWQ refers to the poverty measured using the following question on subjective 
economic welfare: According to your economic situation, do you consider that your 
household is: (i) very poor, (ii) poor, (iii) more or less poor, or (iv) non-poor? The figure 
classifies as poor those individuals living with a household consumption below their 
household-specific subjective poverty line. ELQ(1) and ELQ(2) refer to the poverty 
measured using the following question on subjective economic welfare: According to 
your economic situation, do you consider that your household is... Answers range from 
one to five, one being poor and five being rich. ELQ(1) derives the subjective poverty 
line assuming that poverty is defined by the situation of those who evaluate their 
economic situation as one, while ELQ(2) derives the subjective poverty line assuming 
that poverty is defined by the situation of those who evaluate their economic situation to 
be less than or equal to two. All the questions are asked to the head of the household or 


























Table 2.1: Questions on Subjective Poverty in the ENAHO Survey 
                
    Years 
Question Answers 2004 2005 2006 2007 2008 2009 
    [1] [2] [3] [4] [5] [6] 
                
MIQ Monetary Value 1,071 1,089 1,111 1,258 1,329 1,386 
                
CAQ 
Nothing 0.75 0.45 0.58 . . . 
Low 29.37 34.10 32.16 . . . 
Enough 65.91 63.06 65.26 . . . 
Much 3.98 2.38 2.00 . . . 
                
ELQ 
Level 1 (Poor) 22.85 25.86 24.62 . . . 
Level 2 48.59 49.87 47.93 . . . 
Level 3 27.37 23.44 26.42 . . . 
Level 4 1.12 0.79 0.99 . . . 
Level 5 (Rich) 0.06 0.04 0.03 . . . 
                
EWQ 
Very Poor . . . 6.85 5.90 4.74 
Poor . . . 42.65 42.34 39.06 
More or Less Poor . . . 42.32 42.98 45.94 
Non-poor . . . 8.17 8.78 10.26 
Data source: INEI - Peruvian National Household Survey (ENAHO), 2004 - 2009. 
Note: Results are weighted using survey-sampling weights. MIQ refers to the Minimum 
Income Question and is based on the following survey question: How much do you 
estimate the necessarily monthly minimum amount required for your home to live? 
(Consider food, clothing, footwear, health, education, transportation, etc.). The CAQ 
refers to the (food) Consumption Adequacy Question, available from 2004 to 2006, and is 
based on the following survey question: In your home, do meet the minimum requirements 
of food? Possible answers are: (i) none, (ii) little, (iii) pretty much, and (iv) enough. The 
ELQ refers to the Economic Ladder Question, available from 2004 to 2006, and is based 
on the following question: Do you consider that your household is...? Answers range from 
one to five, one being poor and five being rich. The EWQ refers to the Economic Welfare 
Question, available from 2007 to 2009, and is based on the following question: According 
to your economic situation, do you consider that your household is: (i) very poor?, (ii) 
poor?, (iii) more or less poor?, or (iv) non-poor? All the questions are asked to the head 




Table 2.2: Comparison between Objective and Subjective Poverty based on the Economic 
Welfare Question in 2009 
              
Objective 
Subjective Coincidences Correlation Poor Non-Poor Total 
[1] [2] [3] [4] [5] 
Objective 
Poor 22.41 12.87 35.28     
            
Non-poor 21.39 43.33 64.72 65.74 0.29 
            
Total 43.80 56.20 100.00     
            
Data source: INEI - Peruvian National Household Survey (ENAHO), 2009. 
Note: Results are weighted using survey-sampling weights. Subjective refers to the poverty 
measured using the Economic Welfare Question: According to your economic situation, do you 
consider that your household is: (i) very poor, (ii) poor, (iii) more or less poor, or (iv) non-
poor? The table classifies as poor those individuals living in households whose head (or spouse) 
answer very poor or poor. Objective refers to poverty measured using the objective poverty line 
of Peru. Coincidence in column [4] refers to the proportion of subjectively and objectively poor 
individuals plus the proportion of subjectively and objectively non-poor individuals. Correlation 




Table 2.3: Probit Model Estimation of Subjective Economic Welfare Based on the 
Economic Welfare Question in 2007, 2008, and 2009 
        
Dependent Variable: Years 
Non-poor Using the 2007 2008 2009 
Economic Welfare Question [1] [2] [3] 
Log. of Household Consumption      0.898***      0.743***      0.726*** 
     [0.026]       [0.025]       [0.027]    
Log. of Household Size     -0.584***     -0.508***     -0.463*** 
     [0.030]       [0.030]       [0.030]    
Urban-rural Region Fixed Effects Yes Yes Yes 
Pseudo R2 0.178 0.141 0.137 
Coincidence 69.527 67.266 68.994 
Correlation 0.391 0.344 0.362 
Observations 89,271 86,344 87,039 
Data source: INEI - Peruvian National Household Survey (ENAHO), 2007, 2008, and 2009. 
Note: Standard errors between brackets. * significant at 10%, ** significant at 5%, and *** 
significant at 1%. Regressions are weighted using survey-sampling weights. Natural 
logarithms are used. The dependent variable is based on the following question on 
subjective economic welfare: According to your economic situation, do you consider that 
your household is: (i) very poor, (ii) poor, (iii) more or less poor, or (iv) non-poor? The 
table classifies as poor those individuals living in households whose head answers very poor 
or poor. Coincidence refers to the proportion of predicted subjectively poor and actual 
subjectively poor individuals plus the proportion of predicted subjectively non-poor and 
actual subjectively non-poor individuals. Correlation refers to the correlation between 
actual subjective and predicted subjective poverty. Predicted subjective poverty is defined 




Table 2.4: Average Per Capita Objective and Subjective Poverty Lines (in Peruvian Soles) in 2007, 
2008, and 2009 
                
  Objective Method   Subjective Method 
Regions 2007 2008 2009   2007 2008 2009 
  [1] [2] [3]   [4] [5] [6] 
Panel A: National, Urban, and Rural Areas 
Total 229.37 251.03 257.10   240.20 259.88 229.13 
          (233.39, 246.99) (251.04, 268.71) (220.45, 237.81) 
Urban  257.00 279.82 285.97   230.78 236.15 212.83 
          (221.25, 240.30) (223.51, 248.79) (199.74, 225.91) 
Rural 177.85 197.35 203.13   259.06 311.64 263.42 
          (245.04, 273.07) (291.13, 332.15) (247.90, 278.93) 
Panel B: Natural Regions  
Urban Costa 229.71 249.89 256.90   226.20 235.74 215.32 
          (213.15, 239.24) (218.58, 252.88) (199.03, 231.60) 
Rural Costa 183.39 206.10 210.81   279.95 324.46 273.25 
          (253.83, 306.07) (288.21, 360.70) (243.10, 303.39) 
Urban Sierra 239.70 266.33 269.55   202.63 215.53 194.63 
          (190.34, 214.92) (199.51, 231.53) (178.50, 210.76) 
Rural Sierra 180.79 199.77 206.94   267.90 328.09 269.90 
          (251.31, 284.49) (303.19, 352.99) (251.91, 287.87) 
Urban Selva 229.06 248.34 250.47   207.21 248.77 256.89 
          (192.55, 221.87) (227.85, 269.69) (233.92, 279.84) 
Rural Selva 164.62 183.57 185.72   221.80 258.93 239.59 
          (206.75, 236.83) (238.29, 279.55) (220.59, 258.58) 
Lima 286.80 310.22 317.97   253.03 243.60 211.53 
          (235.57, 270.48) (222.55, 264.63) (191.01, 232.04) 
Data source: INEI - Peruvian National Household Survey (ENAHO), 2007, 2008, and 2009. 
Note: 95 percent confidence intervals between parentheses (calculated using the Delta method). 
Results are weighted using survey-sampling weights. Objective poverty lines are the official moderate 
poverty lines. Subjective poverty lines are estimated using average household characteristics in every 
region and are normalized by the average household size. Subjective poverty lines are obtained from 
the probit models in table (2.3). Panel A shows the objective and subjective poverty lines at the 
national level, as well as in rural and urban areas. Panel B shows the objective and subjective poverty 




Table 2.5: Objective and Subjective Poverty Measure in 2007, 2008, and 2009 – Headcount Index 
                
  Objective Method   Subjective Method 
Regions 2007 2008 2009   2007 2008 2009 
  [1] [2] [3]   [4] [5] [6] 
Panel A: National, Urban, and Rural Areas 
Total 39.29 36.20 34.77   45.86 42.15 35.15 
Urban  25.74 23.52 21.10   24.56 19.15 13.24 
Rural 64.56 59.82 60.35   85.57 85.00 76.11 
                
Panel B: Natural Regions             
Urban Costa 25.13 23.38 21.40   29.72 25.09 16.86 
Rural Costa 38.10 34.84 40.57   75.81 72.34 61.06 
Urban Sierra 36.33 33.45 31.33   32.46 27.75 18.70 
Rural Sierra 73.30 68.77 65.64   89.48 90.20 80.93 
Urban Selva 40.28 31.31 32.51   39.63 37.18 41.30 
Rural Selva 55.28 49.08 57.40   79.99 77.46 71.36 
Metropolitan Lima 18.46 17.67 14.11   14.87 8.09 2.86 
Data source: INEI - Peruvian National Household Survey (ENAHO), 2007, 2008, and 2009. 
Note: Results are weighted using survey-sampling weights. Panel A shows the objective and 
subjective poverty rates at the national level, as well as in rural and urban areas. Panel B shows the 
objective and subjective poverty rates by natural regions of Peru. Subjective poverty is obtained 
using the Economic Welfare Question (EWQ): According to your economic situation, do you 
consider that your household is: (i) very poor, (ii) poor, (iii) more or less poor, or (iv) non-poor? 
The table classifies as subjectively poor those individuals living in households with consumption 
below their household-specific subjective poverty lines. Subjective poverty lines are obtained from 
the probit models in table (2.3). The table classifies as objectively poor those individuals living in 
households with consumption below the official moderate poverty line of Peru.    
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Table 2.6: Objective and Subjective Poverty Measure in 2007, 2008, and 2009 - Poverty Gap Index 
                
  Objective Method   Subjective Method 
Regions 2007 2008 2009   2007 2008 2009 
  [1] [2] [3]   [4] [5] [6] 
Panel A: National, Urban, and Rural Areas 
Total 12.78 11.09 10.15   19.59 18.91 14.94 
Urban  6.53 5.77 5.02   6.36 4.74 3.33 
Rural 24.43 21.02 19.72   44.28 45.31 36.65 
                
Panel B: Natural Regions             
Urban Costa 5.70 5.23 4.63   7.23 5.61 3.50 
Rural Costa 11.58 8.28 10.29   31.05 31.28 25.27 
Urban Sierra 11.64 10.47 8.75   10.71 8.38 5.13 
Rural Sierra 29.28 25.70 22.82   50.28 52.19 40.46 
Urban Selva 11.89 8.15 8.72   11.81 10.46 13.19 
Rural Selva 17.99 15.19 16.50   34.45 33.42 32.53 
Metropolitan Lima 3.68 3.55 2.88   2.80 1.46 0.40 
Data source: INEI - Peruvian National Household Survey (ENAHO), 2007, 2008, and 2009. 
Note: Results are weighted using survey-sampling weights. Panel A shows the objective and 
subjective poverty gap at the national level, as well as in rural and urban areas. Panel B shows the 
objective and subjective poverty gap by natural regions of Peru. Subjective poverty is obtained using 
the Economic Welfare Question (EWQ): According to your economic situation, do you consider that 
your household is: (i) very poor, (ii) poor, (iii) more or less poor, or (iv) non-poor? The table 
classifies as subjectively poor those individuals living in households with consumption below their 
household-specific subjective poverty lines. Subjective poverty lines are obtained from the probit 
models in table (2.3). The table classifies as objectively poor those individuals living in households 




Table 2.7: Objective and Subjective Poverty Measure in 2007, 2008, and 2009 – Squared Poverty 
Gap Index 
                
  Objective Method   Subjective Method 
Regions 2007 2008 2009   2007 2008 2009 
  [1] [2] [3]   [4] [5] [6] 
Panel A: National, Urban, and Rural Areas 
Total 5.80 4.83 4.25   11.14 11.01 8.27 
Urban  2.49 2.16 1.79   2.48 1.79 1.29 
Rural 11.96 9.82 8.85   27.30 28.20 21.31 
                
Panel B: Natural Regions             
Urban Costa 1.95 1.79 1.56   2.58 1.90 1.14 
Rural Costa 4.86 2.91 3.85   16.68 16.71 13.30 
Urban Sierra 5.19 4.65 3.55   4.96 3.64 2.08 
Rural Sierra 14.81 12.39 10.50   32.38 34.01 24.13 
Urban Selva 4.88 3.09 3.30   4.91 4.25 5.88 
Rural Selva 7.88 6.55 7.11   18.58 17.88 17.97 
Metropolitan Lima 1.14 1.10 0.86   0.83 0.42 0.08 
Data source: INEI - Peruvian National Household Survey (ENAHO), 2007, 2008, and 2009. 
Note: Results are weighted using survey-sampling weights. Panel A shows the objective and 
subjective squared poverty gap at the national level, as well as in rural and urban areas. Panel B 
shows the objective and subjective squared poverty gap by natural regions of Peru. Subjective 
poverty is obtained using the Economic Welfare Question (EWQ): According to your economic 
situation, do you consider that your household is: (i) very poor, (ii) poor, (iii) more or less poor, or 
(iv) non-poor? The table classifies as subjectively poor those individuals living in households with 
consumption below their household-specific subjective poverty lines. Subjective poverty lines are 
obtained from the probit models in table (2.3). The table classifies as objectively poor those 





Table 2.8: Comparison of the Regional Weights of the Official Poverty Line and the Subjective 
Poverty Line in 2009 
                        
Regions 
Weights 
Urban   Rural 
Subjective   Objective   Subjective   Objective 
Weights S.E.   Weights S.E.   Weights S.E.   Weights S.E. 
[1] [2]   [3] [4]   [5] [6]   [7] [8] 
Amazonas 0.410 0.143   -0.153 0.003   0.252 0.105   -0.464 0.002 
Ancash -0.059 0.104   -0.189 0.001   0.491 0.113   -0.378 0.001 
Apurimac 0.061 0.172   -0.140 0.003   0.624 0.126   -0.393 0.002 
Arequipa -0.051 0.094   -0.188 0.001   -0.127 0.146   -0.356 0.002 
Ayacucho 0.239 0.122   -0.103 0.002   0.435 0.116   -0.402 0.002 
Cajamarca 0.039 0.149   -0.237 0.002   0.475 0.105   -0.543 0.001 
Cusco -0.191 0.123   -0.103 0.002   -0.070 0.108   -0.396 0.001 
Huancavellica 0.465 0.164   -0.192 0.004   0.694 0.123   -0.427 0.002 
Huanuco -0.111 0.136   -0.146 0.002   -0.038 0.103   -0.384 0.001 
Ica 0.005 0.097   -0.186 0.001   0.102 0.146   -0.396 0.003 
Junin -0.394 0.120   -0.185 0.001   -0.420 0.116   -0.449 0.001 
La Libertad 0.321 0.102   -0.202 0.001   0.856 0.158   -0.458 0.001 
Lambayeque -0.003 0.105   -0.237 0.001   0.088 0.145   -0.449 0.002 
Lima and Callao . .   . .   -0.133 0.162   -0.398 0.002 
Loreto 0.584 0.104   -0.246 0.001   0.393 0.133   -0.525 0.002 
Madre de Dios 0.028 0.119   -0.060 0.005   0.636 0.139   -0.397 0.004 
Moquegua -0.233 0.106   -0.171 0.003   -0.123 0.161   -0.426 0.005 
Pasco -0.304 0.121   -0.169 0.003   -0.776 0.134   -0.404 0.003 
Piura -0.099 0.098   -0.220 0.001   0.506 0.139   -0.442 0.001 
Puno 0.054 0.132   -0.103 0.002   0.227 0.115   -0.403 0.001 
San Martin -0.098 0.124   -0.248 0.002   -0.135 0.117   -0.546 0.002 
Tacna 0.054 0.106   -0.217 0.002   -0.495 0.177   -0.448 0.005 
Tumbes -0.437 0.113   -0.179 0.002   -0.064 0.181   -0.367 0.005 
Ucayali 0.550 0.102   -0.254 0.002   0.899 0.156   -0.517 0.003 
Data source: INEI - Peruvian National Household Survey (ENAHO), 2009.     
Note: S.E. refers to standard errors (obtained using the Delta Method). Results are weighted using 
survey-sampling weights. Urban Lima and Callao is the dropped region. The table compares the 
weights on the components of the subjective poverty line with the weights of the components of the 
objective poverty line. The weights of the components of the objective poverty line are obtained from 
regressing the logarithm of the per capita objective poverty line on rural-urban region fixed effects; 
the corresponding R2 is 0.975. The weights of the components of the subjective poverty line are α−1β 










Conditions experienced early in life or in utero have been shown to have persistent and long-
term effects on health, education, and socioeconomic outcomes (see seminal work by Stein et al. 
(1975) and more recent papers by Maccini and Yang (2009) and Maluccio et al. (2009)). Barker 
(1998) argues that health shocks suffered in utero can cause irreversible adaptations to the local 
food environment and that children cannot catch up even if they later have good nutrition and 
health care. Consequently, shocks that negatively impact a child’s growth trajectory may lead to 
lower adult height, less cognitive ability and education, lower productivity and wages, and worse 
marital outcomes (see Strauss and Thomas (2008) for a review of the link between early 
childhood health and later life outcomes). Wars are one type of negative shock, and since World 
War II, armed conflict has affected three-fourths of all countries in sub-Saharan Africa 
(Gleditsch et al., 2002). In many instances, particularly in developing countries, the conflicts are 
started or are exacerbated by territorial disputes.46 Despite the casualties and destruction caused 
by wars, the impacts of conflict on health have received surprisingly limited focus in the 
literature, mainly due to data limitations, although that is changing recently (Alderman, 
Hoddinott, and Kinsey, 2006; Akbulut-Yuksel, 2009; Bundervoet, Verwimp, Akresh, 2009).47 
                                                
45 This work is co-authored with Richard Akresh and Harsha Thirumurthy. 
46 The United States Central Intelligence Agency World Factbook (2010) lists over 180 regions in the world that 
have existing disputes over international land or sea boundaries or have resource or resident disagreements; 41 of 
these disputes are in sub-Saharan Africa. 
47 Seminal work on conflict focuses on understanding the causes and spread of war and its role in reducing growth 
(Collier and Hoeffler, 1998; Miguel, Satyanath, and Sergenti, 2004; Guidolin and La Ferrara, 2007; Do and Iyer, 
2010). The magnitude of conflict’s long-term negative economic consequences are debated in the literature (see 
Davis and Weinstein (2002) for Japan; Brakman, Garretsen, and Schramm (2004) for Germany; Bellows and Miguel 
(2009) for Sierra Leone). There is also a growing literature examining the relationship between conflict and 
education outcomes (Ichino and Winter-Ebmer, 2004; Akresh and de Walque, 2008; Swee, 2009; Miguel and 
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In this paper, we examine the impact of exposure at birth or as a young child to an 
international war by estimating the subsequent effect on children’s health status. We focus on the 
1998 to 2000 Eritrea-Ethiopia war that was based on a territorial border dispute.48 When Eritrea, 
formerly a province of Ethiopia, became independent in 1993 following a long guerrilla war, 
sections of the new border were never properly demarcated. Full-fledged fighting started in May 
1998 over these areas, which have been described as desolate and inconsequential. Reporters 
have portrayed the Eritrea-Ethiopia war as having “echoes of World War One in its bloody 
stalemate and trench warfare” (GlobalSecurity.org, 2000). More than 300,000 troops were dug in 
and deadlocked on both sides of the border. Most of the conflict’s casualties were soldiers, since 
most civilians left the war-torn areas, leaving the armies to fight over empty villages. 
We make four main contributions to the literature examining the impacts of shocks on 
children’s welfare. First, this is the first paper able to measure the welfare impacts for the two 
sides involved in a war, thereby providing a more comprehensive and robust understanding of 
how wars affect children’s well-being. Second, we use multiple empirical identification 
strategies to measure the causal impact of war on child health. We combine data from nationally 
representative household surveys (2002 Eritrea and 2000 and 2005 Ethiopia Demographic and 
Health Surveys) with event data on the timing and geographic extent of the war to exploit the 
exogenous variation in children’s birth cohorts that are exposed to the conflict. Further, to 
address potential measurement error in accurately capturing a child’s war exposure that is often 
present when comparing large regions (parts of which experienced fighting and parts of which 
                                                                                                                                                       
Roland, 2011; Shemyakina, 2011). Research focusing exclusively on soldiers finds large negative impacts on their 
earnings, and soldiers exposed to more violence face a harder time reintegrating into civilian society (Angrist, 1990; 
Imbens and van der Klaauw, 1995; Humphreys and Weinstein, 2007; Blattman and Annan, 2009). 
48 In the past 30 years, border wars were fought in Africa (Djibouti and Eritrea in 2008, Mauritania and Senegal 
starting in 1989, Burkina Faso and Mali in 1985, Ethiopia and Somalia in 1982), Asia (Cambodia and Thailand in 
2008, India and Bangladesh in 2001, Israel and Lebanon starting in 2000, India and Pakistan in 1999, Thailand and 
Laos starting in 1987, India and China in 1987, Pakistan and India starting in 1984, Iran and Iraq starting in 1980, 
Vietnam and China starting in 1979), and South America (Ecuador and Peru in 1995, Ecuador and Peru in 1981). 
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did not), we incorporate global positioning system (GPS) data on the distance between the 
survey villages and conflict sites. To verify that estimated health differences across regions and 
birth cohorts are due to the conflict, we incorporate direct measures of the number of displaced 
individuals from each region to proxy for the war’s intensity in that area. Finally, because the 
war intensity variables are potentially measured with error or might be endogenous due to 
correlations with village or household level characteristics that influence child health, we 
instrument for these measures using GPS information on village location and distance to the war 
sites. Third, because of the fortuitous timing of the household survey data collection, we are able 
to explore how the effects of the shock differ for children born during the conflict compared to 
those born before the war started (and were subsequently young children at the time of the 
fighting). Fourth, the paper contributes to the study of gender bias in early childhood 
development and how that bias is affected differently by conflict shocks. Our separate estimation 
of the impact of war exposure for boys and girls finds that both suffer negative consequences of 
similar magnitude, contrasting with the existing literature. The contributions highlighted here are 
also the key differences between our paper and the most closed related prior work by 
Bundervoet, Verwimp, and Akresh (2009) who explore the impact of the Burundi civil war on 
child health. In particular, the multiple empirical identification strategies described earlier (GPS 
data, war intensity data, and instrumental variables strategy) address the shortcomings of the 
difference-in-differences approach used in the Burundi paper, leading to a more convincing 
causal estimate of war’s impact on child health. 
We find that war-exposed children in both countries have lower height-for-age Z-scores, 
and the negative impact is comparable for children born during or before the conflict. Both boys 
and girls experience significant negative impacts that are similar in magnitude as a result of war 
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exposure. Results from our instrumented specification indicate that children born during the war 
and living in a region with the average number of internally displaced people have 0.77 or 0.31 
standard deviations lower height-for-age Z-scores in Eritrea and Ethiopia, respectively. For 
children born before the war, these impacts are 0.89 and 0.41 standard deviations lower Z-scores, 
respectively. The results are robust to a number of alternative specifications that address issues 
of selective migration, potential misspecification of our geographic exposure variables, age 
misreporting, and selective mortality. Based on the existing early child development literature, 
the negative health impacts of the Eritrean-Ethiopian conflict are also likely to have long-run 
welfare impacts on war-exposed children. 
Besides the previously discussed papers about impacts of shocks at birth, our results are 
related to research on gender bias during early childhood. Much of the literature finds evidence 
favoring boys over girls (see Rose (1999) for evidence from India that gender bias in infant 
mortality drops significantly when districts experience higher rainfall or Dercon and Krishnan 
(2000) for evidence from Ethiopia that poor households are unable to smooth their consumption, 
with women bearing the brunt of adverse shocks). However, in contrast to this literature, we find 
no differential gender impact of war on children’s health, as both war-exposed boys and girls 
suffer negative consequences of similar magnitude. 
The remainder of the paper is organized as follows. Section 2 provides an overview of the 
history of the Eritrea-Ethiopia conflict and sketches the spatial and temporal event data for the 
most recent war. Section 3 describes the survey data used in the analysis and explains the key 
variables. Section 4 describes the empirical identification strategy and Section 5 presents the 
main results as well as robustness tests. Section 6 concludes. 
2. Eritrean-Ethiopian War 
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2.1 History of Conflict and Independence of Eritrea 
The war between Eritrea and Ethiopia lasted two years beginning in 1998 and stemmed from a 
border dispute. Even before this war, the two countries had a long history of conflict with each 
other. The post-World War II period saw the former Italian colony of Eritrea become a region of 
Ethiopia, but growing dissatisfaction with the Ethiopian occupation led to a prolonged period of 
armed struggle by the Eritrean People’s Liberation Front (EPLF) against the Ethiopian Marxist 
government. The war against Ethiopia ended in 1991 and coincided with the end of the Ethiopian 
civil war in which a coalition of rebel groups – the Ethiopian People's Revolutionary Democratic 
Front (EPRDF) – overthrew the government and came to power under the leadership of Meles 
Zenawi. Following a referendum in Eritrea in May 1993, the sovereign state of Eritrea was 
formed with the EPLF leader Isaias Afwerki as President (EPLF was later renamed the People's 
Front for Democracy and Justice). The immediate period following Eritrean independence saw 
generally friendly relations between Eritrea and Ethiopia, in part because the governments had 
fought together against the previous Marxist government that formerly controlled Ethiopia. 
At the time of Eritrean independence, both countries claimed sovereignty over three 
areas: Badme, Tsorona-Zalambessa, and Bure (see Figure (3.1) for a regional map of Eritrea and 
Ethiopia highlighting these three areas). Confusion over the border demarcation between the two 
countries was partially due to Ethiopia’s 1962 annexation of Eritrea, since at that time the former 
colonial boundaries were replaced by administrative boundaries within Ethiopia, some of which 
shifted slightly by 1993 (Global IDP Project, 2004b). A series of continued disputes in these 
three border areas combined with larger conflicts over trade and other economic issues, however, 
proved to be a major obstacle to maintaining peace.49 
                                                
49 Eritrea’s independence in 1993 meant Ethiopia became a landlocked country, with implications for its trade and 
economic organization. 
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2.2 Spatial and Temporal Intensity of the Eritrea-Ethiopia War 
In our analysis of child health, the exact timing and location of the fighting play a key role in our 
identification strategy. In May 1998, fighting broke out between Eritrean soldiers and Ethiopian 
militia and security police in the Badme area, which was under Ethiopian control.50 Within a 
week, the Ethiopian Parliament declared war on Eritrea, and all-out war ensued. Both countries 
devoted substantial resources to growing their armies, augmenting their military equipment, and 
fortifying their borders, which included digging extensive trenches. After the initial period of 
intense conflict, heavy fighting resumed in February 1999 as Ethiopia succeeded, despite high 
casualties, in retaking the border town of Badme, but the battles around Tsorona-Zalambessa 
were not conclusive. Both sides initially rejected efforts by regional groups to mediate an end to 
the conflict, but eventually a Cessation of Hostilities agreement was brokered on June 18, 2000 
and a 25-kilometer-wide demilitarized Temporary Security Zone was established along the 1,000 
kilometer Eritrea-Ethiopia border and patrolled by United Nations peacekeeping forces. A final 
comprehensive peace agreement was signed December 12, 2000.51 
The conflict intensity varied across regions within Ethiopia and Eritrea, with regions far 
from the border zones experiencing no fighting and the most intense clashes taking place in the 
border regions near Badme, Tsorona-Zalambessa, and Bure (see Figure (3.1)). While there are 
not exact figures of the number of casualties due to the war, most estimates of the total number 
of fatalities, which were mainly soldiers, range from 70,000-100,000 (Human Rights Watch, 
2003). 
                                                
50 The Eritrea Ethiopia Claims Commission (2005) states, “The areas initially invaded by Eritrean forces…were all 
either within undisputed Ethiopian territory or within territory that was peacefully administered by Ethiopia and that 
later would be on the Ethiopian side of the line to which Ethiopian armed forces were obligated to withdraw in 2000 
under the Cease-Fire Agreement of June 18, 2000.” 
51 The empirical analysis in this paper treats this as the date the war ended, but our results are consistent if we treat 
June 2000, the date when the Cessation of Hostilities agreement was brokered, as the time when the war ended. 
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2.3 Civilian Impacts of the War 
Although most casualties occurred among soldiers, thousands of civilians were displaced, which 
is the primary mechanism through which conflict may have affected child health. Displaced 
households suffered large reductions in food production, asset losses, and worsened access to 
water and health infrastructure. By the end of 1998, estimates suggest approximately 250,000 
Eritreans had been internally displaced and another 45,000 Ethiopian citizens of Eritrean origin 
were deported from Ethiopia (Global IDP Project, 2004a). The Eritrean government and other 
observers estimate that during the war nearly 1.1 million Eritreans were internally displaced, 
although this number declined substantially by the war’s end (Global IDP Project, 2004a). The 
Ethiopian government estimates that by December 1998, 315,000 Ethiopians were internally 
displaced, with the two regions that border Eritrea (Tigray and Afar) having the greatest number 
of internally displaced people (IDPs). The United Nations Country Team Ethiopia estimates that 
by May 2000 the number of IDPs in Ethiopia had risen to 360,000 (Global IDP Project, 
2004b).52 By most accounts, households directly affected by the war and those that were 
internally displaced tended to be located closest to the areas of the clashes. 
3. Data 
3.1 Demographic and Health Surveys, Eritrea (2002) and Ethiopia (2000 and 2005) 
To measure the war’s impact on child health, we use household survey data from both countries, 
specifically the 2002 Eritrea and 2000 and 2005 Ethiopia Demographic and Health Surveys 
(DHS). The DHS are nationally representative cross-sectional surveys that have information on 
                                                
52 This level of conflict-induced displacement is typical, as currently 27.1 million individuals worldwide are IDPs 
due to conflict. For example, during the last decade in Africa, the number of IDPs due to conflict reached 3.5 million 
in Angola, 633,000 in Burundi, 200,000 in Central African Republic, 180,000 in Chad, 150,000 in Congo-
Brazzaville, 750,000 in Côte d’Ivoire, 3 million in Democratic Republic of Congo, 359,000 in Guinea, 600,000 in 
Kenya, 450,000 in Liberia, 550,000 in Nigeria, 600,000 in Rwanda, 70,000 in Senegal, 1.3 million in Sierra Leone, 
1.5 million in Somalia, 6.1 million in Sudan, 1.7 million in Uganda, and 1 million in Zimbabwe (IDMC, 2010). 
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demographic topics such as fertility, child mortality, health service utilization, and nutritional 
status of mothers and young children. The 2002 Eritrea DHS collected detailed information on 
the date of birth and height of 5,341 children under five born before, during, or after the war with 
Ethiopia. The 2000 Ethiopia DHS collects similar information for 8,590 children under five, all 
of whom were either born before or during the war with Eritrea. To have a control group of 
children in the war regions of Ethiopia who were not exposed to war, we use the 2005 Ethiopia 
DHS that has information for 3,875 children under five. We exclude from the baseline analysis 
the nine percent of these children born before the war ended and use the remaining sample of 
3,505 children under 54 months old in 2005. To maintain a consistent age range, we also exclude 
children who were 54 months or older in the 2000 Ethiopia DHS, yielding a final sample of 
11,342 Ethiopian children (7,837 from the 2000 DHS and 3,505 from the 2005 DHS).53 
3.2 Health and War Variables 
Child height conditional on age and gender is generally accepted as a good indicator of the long-
run nutritional status of children, as height reflects the accumulation of past outcomes, and 
children with low height for their age are likely to be on a different growth trajectory for the rest 
of their life (Thomas, Lavy, and Strauss, 1996). We compute Z-scores for each child’s height-
for-age, where the Z-score is defined as the difference between the child’s height and the mean 
height of the same-aged international reference population, divided by the standard deviation of 
the reference population. On average, across households in all regions of Ethiopia, children are 
1.77 standard deviations below the average height-for-age of a reference child, and 45.1 percent 
of children are considered stunted and 22.6 percent are considered severely stunted.54 In Eritrea, 
                                                
53 Regression results are consistent if all Ethiopian children are included in the subsequent analysis. 
54 Children with height-for-age Z-scores below -2 are considered stunted, while children with height-for-age Z-
scores below -3 are considered severely stunted. 
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children are 1.56 standard deviations below the average height-for-age of a reference child, and 
39.5 and 17.4 percent of children are respectively considered stunted or severely stunted. 
We construct three measures of a child’s exposure to the Eritrea-Ethiopia war. The first 
measure is defined at the region-birth cohort level, (War Region j * Born Before War t) and (War 
Region j * Born During War t), which allows us to exploit variation across two dimensions: 
spatial (variation across regions in exposure to the war) and temporal (within a given region, the 
timing of whether a child was born during the war period). These variables are binary and 
indicate whether a child was born before the war (prior to May 1998) or during the war (between 
May 1998 and December 2000) in a region that did or did not experience the fighting. As we 
discussed in Section 2.2, the fighting was centered on the border regions near the three towns of 
Badme, Tsorona-Zalambessa, and Bure, so in Eritrea, the war regions are defined to include 
Gash Barka, Debub, and Debubawi Keyih Bahri, while in Ethiopia they are Tigray and Afar. To 
address potential measurement error that would wrongly misclassify a child as war-exposed 
because they live in a region that experienced fighting but their village was far from the conflict 
or a child that was classified as non-war exposed but they lived close to the fighting in a non-war 
region, the second measure uses GPS information to indicate those survey villages that are 
geographically close to one of the three conflict sites, (Close to War Site j * Born Before the 
Wart) and (Close to War Site j * Born During the War t). These variables are also binary and 
indicate a child born before or during the war living in a village geographically close to a conflict 
site. The third measure of a child’s war exposure is the duration in months that the child was 
living in a war region and exposed to the war. The duration measure is set to zero if the child 
resided in a region that was not affected by the war. 
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Since war-induced displacement was such an important mechanism through which the 
conflict impacted child health, we incorporate direct measures of the number of internally 
displaced people from each region to proxy for the war’s intensity in that area. The IDP data 
come from the United Nations Office for the Coordination of Humanitarian Affairs (UN OCHA) 
in Eritrea and Ethiopia. All of the IDPs are clustered in the three war regions in Eritrea and the 
two war regions in Ethiopia mentioned above (Global IDP Project, 2004a, b). 
3.3 Preliminary Observations 
In Panel A of Table (3.1), we summarize the height-for-age Z-scores, proportion stunted and 
severely stunted, gender, and child’s age, broken down for each country by whether the child 
was exposed to conflict. In both countries, war-exposed children (living in a war region and born 
before or during the war) have lower height-for-age Z-scores and are more likely to be stunted or 
severely stunted, and the differences are statistically significant. There is no difference in the 
gender proportion between exposed and non-exposed children. 
It is well-known that in developing countries, height-for-age Z-scores have a non-linear 
relationship with age, with older children having lower Z-scores than younger children, as 
nutritional and other deficits accumulate with age (Martorell and Habicht, 1986). Panel A of 
Table (3.1) shows that, in both countries, war-exposed children are significantly older than non-
exposed children. Consequently, the observed negative relationship between conflict and height 
in Panel A may be affected by this age difference. In Panel B of Table (3.1), we present 
preliminary evidence that the conflict-health relationship is not due to this differential age 
pattern. We compare separately the average height-for-age Z-scores of war-exposed and non-
exposed children for children above and below 24 months of age. A similar pattern is observed 
for younger and older children. Young children who are war-exposed have between 1.21 and 
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0.41 standard deviations lower height-for-age Z-scores in Eritrea and Ethiopia, respectively, and 
the differences are statistically significant. Likewise, for older children, there are statistically 
significant differences of 0.13 and 0.23 standard deviations between war-exposed and non-
exposed children. The results provide suggestive evidence that the conflict-health relationship is 
not solely due to exposed children being slightly older, as results within each age category show 
a large significant different in children’s height-for-age Z-scores. We nonetheless control for age 
in the subsequent regression analysis by including year of birth fixed effects. 
4. Empirical Identification Strategy 
We illustrate the empirical identification strategy in Figures (3.2a), (3.2b), and (3.2c), in which 
we estimate kernel-weighted local polynomial regressions of height-for-age Z-scores on date of 
birth using an Epanechnikov kernel. The dashed lines indicate children living in war regions, 
while the solid lines indicate children living in non-war regions. Vertical dashed lines show the 
starting (May 1998) and ending (December 2000) dates of the war. Figure (3.2a) shows results 
using 2002 Eritrea DHS data; Figure (3.2b) shows results using 2000 Ethiopia DHS data; Figure 
(3.2c) shows results using 2005 Ethiopia DHS data. Since the 2000 Ethiopia survey was fielded 
between February and May 2000, the war’s end date is not observed in Figure (3.2b). For all 
children, the figure shows the expected relationship with older children having lower Z-scores 
than younger children. In both Eritrea and Ethiopia, children born during the war in the war 
regions have lower height-for-age Z-scores than children born during the war in the non-war 
regions. We observe a similar result for the cohorts of children born before the war and therefore 
who were young children during the war; this is particularly true in Ethiopia.55 Finally, Figure 
                                                
55 Figure (3.2b) also suggests that children in the war regions in Ethiopia who were more than two years old when 
the war began (born before May 1996) were less likely to be affected by the war, which is consistent with the theory 
that disturbances during the early years of life are most harmful to children’s growth. In the Eritrea data we do not 
observe children who were more than two years old at the time the war began. 
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(3.2c) shows that in Ethiopia children born after the war ended have similar height-for-age Z-
scores in both the war and non-war regions.56 
The empirical identification strategy relies on a comparison of height-for-age Z-scores of 
similarly aged children in war and non-war regions. We compare the Z-scores of children born 
before the war ended to the Z-scores of children born after the war ended in the war regions of 
Eritrea and Ethiopia, and we then compare this difference relative to the same difference in the 
non-war region in both countries. The implicit assumption is that differences across birth cohorts 
(born before or after the war ended) in average height-for-age Z-scores would be similar across 
war and non-war regions in the absence of the conflict. While we use similar identification 
strategies in Eritrea and Ethiopia, we are able to incorporate additional post-war data that is 
available only for Ethiopia that allows us to also compare cohorts of similar aged children who 
are from the same regions but differ in their exposure to the war. Based on the non-parametric 














where HAZijt is the height-for-age Z-score for child i in region j who was born in period t, αj are 
region fixed effects, δt  are year of birth cohort fixed effects, War Region j * Born Before War t is 
a binary variable indicating whether a child was born before the war started in a war-affected 
region, War Region j * Born During War t is a binary variable indicating whether a child was 
born during the war in a war-affected region, and εijt is a random, idiosyncratic error term. The 
                                                
56 Figures (3.3a), (3.3b), (3.4a), and (3.4b) show the non-parametric relationship between height-for-age Z-scores 
and date of birth separately for boys and girls in Eritrea and Ethiopia, respectively. Results are consistent with 
previous figures. Height-for-age Z-scores are lower for boys and girls born during the war in the war regions of 
Eritrea and Ethiopia, and the magnitude of the negative impacts appears comparable for boys and girls. Additionally, 
both boys and girls who were young at the start of the war in the war regions of Ethiopia have lower height-for-age 
Z-scores. 
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coefficient β1 measures the war’s impact on children’s height-for-age Z-scores for children born 
before the war in war-affected regions, while the coefficient β2 measures the impact of the war 
on children’s height-for-age Z-scores for children born during the war in war-affected regions. 
In defining geographic war exposure based on living in one of the three regions in Eritrea 
or two regions in Ethiopia where fighting took place, we are potentially including villages far 
from the war sites that may not have been affected by conflict. This is potentially problematic as 
some regions extend many kilometers from the war sites (see Afar in Ethiopia and Debubawi 
Keyih Bahri in Eritrea). Likewise, we might be excluding households close to war sites that may 
have been affected by conflict, but were living in a non-war region (see Semenawi Keyih Bahri 
in Eritrea). To more accurately measure a child’s war exposure, our empirical strategy takes 
advantage of information on the distance of each survey village to the three main conflict sites. 
We use the distance to the nearest war site (even if it crosses region boundaries) to classify 
intensity of war exposure. Since the mean distance to the closest conflict site within the war 
regions is 75 kilometers in Eritrea and 125 kilometers in Ethiopia, we use those distances to 
define binary variables indicating households living close to any of the war sites.57 We then 














Equations (3.1) and (3.2) contain binary variables indicating whether a child was born 
before or during the war in war-affected areas. We also use a continuous measure of war 
exposure in estimating the following region and birth cohort fixed effects regression: 
                                                
57 In Section 5.3, we discuss the robustness of using alternative distance cut-offs as well as a continuous distance 
measure to examine geographic proximity to the fighting. 
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(3.3) ijtjttjijt eWarExposurMonthsofHAZ εβδα +++= )(5  
where Months of War Exposurejt measures the months of exposure to the war for a child living in 
a war-affected region and equals zero for a child living in a non-war region. The coefficient β5 
measures the impact of an additional month of war exposure on children’s height-for-age Z-
scores. 
The empirical strategy in Equations (3.1), (3.2), and (3.3) assumes that, in the absence of 
war, the difference between the height-for-age Z-scores of children born before and after the war 
ended in war-affected regions would have been the same as the difference for children living in 
non-war regions. To address the potential for differential time trends in height-for-age Z-scores 














where the variables are as previously defined and Region Trendjt is a region-specific time trend 
that isolates the variation in children’s outcomes that diverge from region time trends. The 
inclusion of this time trend buttresses the argument that changes in average height-for-age Z-
scores in these regions would have been similar in the absence of the war. 
Equation (3.4) assumes that, apart from the war, there are no other events that might have 
coincided with the war and independently affected children’s health. Since this assumption may 
be violated, we might incorrectly attribute a decline in children’s health to the war. To address 
this possibility and to highlight that the health differences across regions and birth cohorts are 
due to the war, we use the number of internally displaced people from every region as a proxy 
for the war’s intensity in that region. This allows us to better identify the war’s impact, as we 
compare regions with many IDPs to regions with few IDPs. The change in the health status of 
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children born after the war ended in high war intensity regions relative to low war intensity 
regions serves as a control for what the change in the health status of children born before the 
war ended would have been if the war did not occur. We estimate a modified Equation (3.4) 
where we replace War Regionj with War Intensityj, which indicates the number of IDPs from 
region j. 
Since the war intensity variable (number of IDPs from a region) may be measured with 
error or may be endogenous due to correlations with village or household level characteristics 
that influence child health, we also use an instrumental variables strategy. We use the GPS 
distance information on village location, specifically the variable Close to War Sitej, to 
instrument for War Intensityj. Villages closer to any of the conflict sites are likely to have more 
displaced people due to fighting. The strategy assumes that the distance to any of the conflict 
sites has no impact on health status other than through the war between the two countries. 
5. Empirical Results 
5.1 Baseline Difference-in-Differences Estimation 
Table (3.2) presents baseline regressions for the difference-in-differences estimation of the war’s 
impact on height-for-age Z-scores as outlined in Equations (3.1) to (3.3). All regressions include 
region and year of birth cohort fixed effects and control for child gender.58 The first three 
columns show results for Eritrea; the last three columns show results for Ethiopia. Results in 
Columns 1 and 4 show a negative impact of the conflict on children born during the war in the 
war regions of Eritrea and Ethiopia. Children born during the war in a war region have Z-scores 
0.24 and 0.59 standard deviations lower than non-war exposed children in Eritrea and Ethiopia, 
respectively. This reduction is statistically significant in both countries. The impact of the war 
                                                
58 Correlation among the error terms of children living in the same local environment and experiencing similar 
health shocks might bias the OLS standard errors downward, so in all regressions we cluster the standard errors by 
enumeration area, which corresponds to local clusters of villages (Moulton, 1986). 
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represents, respectively in Eritrea and Ethiopia, a decline of 13 and 44 percent compared to the 
average height-for-age Z-score of children born during the war in a non-war region. Results in 
Column 1 show no significant conflict impact on children born before the war started in the 
Eritrea war regions. However, children born before the war in Ethiopia have Z-scores 0.48 
standard deviations lower than children born after the war. This impact is statistically significant 
and represents a decline of 22 percent compared to the average height-for-age Z-score of 
children born before the war in the non-war regions of Ethiopia. In Columns 2 and 5, we 
estimate the regression described in Equation (3.2) using the discrete measure indicating villages 
close to any of the three conflict sites, which can be considered a more accurate measure of a 
child’s war exposure. Results are consistent with those in Columns 1 and 4, indicating that 
geographic misclassification errors of war exposure are not severe in this context when 
delineating exposure by war region. In Columns 3 and 6, we use the number of months of war 
exposure as a measure of a child’s conflict exposure, as in Equation (3.3). The duration measure 
has a significant negative impact on children’s Z-scores in Ethiopia; an additional month of war 
exposure reduces a child’s height-for-age by 0.023 standard deviations. However, in these initial 
regressions, the duration of war exposure has no statistically significant impact on children’s Z-
scores in Eritrea. 
Table (3.3) presents our preferred baseline specification as described in Equation (3.4) 
and includes region-specific time trends to control for the possibility of differential trends across 
regions. In Ethiopia, results in Table (3.3) are similar to those in Table (3.2). Children born 
during the war in a war region or in a village close to a war site experience 0.53 or 0.45 standard 
deviations lower Z-scores, respectively. Effects similar in magnitude (0.52 and 0.50 standard 
deviations) are found for children born before the war and who experience the conflict as a 
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young child in either the war region or close to a war site. In Eritrea, point estimates are 
relatively higher compared to Table (3.2) when the impact of the war is measured using discrete 
variables as in Column 1 (0.39 standard deviations) and Column 2 (0.37 standard deviations), 
and considerably larger when using the continuous months of war exposure in Column 3 (0.04 
standard deviations lower Z-scores for each additional month of war exposure). These results 
with time trends suggest the war in Eritrea affected regions where children’s health status was 
actually improving. 
To test whether children born during the war experience a differential impact of war 
exposure compared to children born before the war started, in Table (3.3) we present the p-
values for the test of the null hypothesis that β1 = β2 in Equation (3.1) (using war region), as well 
as its counterpart β3 = β4 in Equation (3.2) (using close to war site). Focusing on our preferred 
specification including region-specific time trends, in Ethiopia, we cannot reject the null 
hypothesis of equality between the two coefficients. In Eritrea, the negative impact is larger for 
children born during the war, although the difference is only statistically significant at the ten 
percent level for the close to war site variable (Column 2). Overall, this suggests that the impact 
of the war on children born during the war in regions affected by conflict is similar to the war’s 
impact on children born before the war started in the war regions. 
Table (3.4) (boys only) and Table (3.5) (girls only) explore the heterogeneity of the war 
impact by gender. Unlike the literature on shocks that generally finds a large negative bias 
against girls, in our study when the shock is a war, both genders are negatively impacted by 
exposure. In both countries, boys and girls born during the conflict in the war regions or close to 
a war site have significantly lower height-for-age Z-scores and additional months of war 
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exposure also lower Z-scores. The magnitude of the impact is slightly larger for boys, although 
in a fully interacted model, we cannot reject the equality of coefficients for boys and girls.59 
5.2. War Intensity Measures and Instrumental Variables 
Given the war represented such a large shock and occurred mainly in the border areas between 
the two countries, the identification strategy used so far is likely to correctly identify the impact 
of the Eritrea-Ethiopia war on children’s health status. However, we recognize that during the 
same time period other events may have occurred that might be correlated with both the war’s 
occurrence and with changes in children’s health status. If this were the case, we might be 
incorrectly attributing the observed decline in health status to the war. Table (3.6) examines this 
potential source of bias. In Panel A, we estimate a difference-in-differences regression using 
measures of war intensity (the number of IDPs from every region divided by 10,000) interacted 
with indicators of whether the child was born during or before the war. Negative coefficients for 
these interaction terms would suggest that previous results are indeed due to the war rather than 
to other events.60 Column 1 shows results for Eritrea; Column 2 shows the Ethiopia results. All 
specifications include region and age fixed effects, region-specific time trends, and child gender. 
In Eritrea, results indicate that children born during the war in higher war intensity areas 
have lower height-for-age Z-scores and results are statistically significant. An increase in the 
number of IDPs in a region by 10,000 lowers the Z-scores for children born during the war by 
0.023 standard deviations. Children born before the war experience a similar negative impact 
(0.022 standard deviations), although the coefficient is not significant at standard levels. Results 
                                                
59 We also estimated regressions in which the sample of children in each country was divided into poor and non-
poor households based the education of the household head. Results (not shown) suggest that the negative impact of 
the war is similar among poor and non-poor children. 
60 Results (not shown) are also consistent when we estimate the regressions using the number of IDPs per capita as 
the war intensity measure. 
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are consistent in Ethiopia, with children born during or before the war in higher war intensity 
regions having lower height-for-age and the coefficients are statistically significant. 
To address the possibility that the war intensity variables could be measured with error or 
might be correlated with village or household level characteristics that influence child health, we 
use the GPS distance information on village location, specifically the variable Close to War Sitej, 
to instrument for War Intensityj. The IV results in Panel B indicate large negative impacts for 
children born during or before the war in higher intensity war regions in both Eritrea and 
Ethiopia.61 In Eritrea, a child born during or before the war in a region experiencing the mean 
war intensity (average number of IDPs across all regions in Eritrea is 58,030) has 0.39 or 0.42 
standard deviations lower height-for-age Z-scores, respectively. This negative impact represents 
declines of 21 and 24 percent relative to the average height-for-age Z-scores of children born 
during or before the war in the non-war regions, respectively. The true impact for a war-exposed 
child is even larger, as the mean war intensity in the above calculation is averaged across all 
regions, some of which had no IDPs. Using the average number of IDPs only from the war 
regions of Eritrea (111,690) shows negative impacts of 0.76 and 0.82 standard deviations, 
representing 40 and 46 percent declines compared to the average Z-scores of children born 
during or before the war in the non-war regions, respectively. Negative and statistically 
significant results are also found for war-exposed children in Ethiopia, although the magnitude of 
the impact is greatly reduced. A child born during or before the war in a region experiencing the 
mean war intensity (average number of IDPs across all regions of Ethiopia is 27,330) has 0.05 or 
0.07 standard deviations lower height-for-age Z-scores, representing declines of 4 and 3 percent, 
                                                
61 The F-statistics for the excluded instruments are well above the threshold that would indicate a potential weak 
instrument bias. Based on the Kleibergen-Paap test for weak instruments in the presence of multiple endogenous 
variables and non-i.i.d. error terms, we do not find any evidence for Eritrea (test statistic of 24.78) or Ethiopia (test 
statistic of 42.22) that our results suffer from this bias (Kleibergen-Paap 2006; Baum, Schaffer, and Stillman 2007). 
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respectively, compared to the average Z-scores of children born during or before the war in the 
non-war regions of Ethiopia. As many regions in Ethiopia were not part of the war, using the 
average number of IDPs only from the war regions of Ethiopia (163,500) shows negative 
impacts of 0.31 or 0.41 standard deviations, representing 23 and 19 percent declines compared to 
the average Z-scores of children born during or before the war in non-war regions, respectively. 
5.3 Robustness Checks 
To test the robustness of our findings, we evaluate several placebo war-impact specifications and 
also explore how issues of displacement and migration, misspecification of our geographic 
exposure variables, age misreporting, and selective mortality might influence the results. We 
estimate several placebo-type regressions for Eritrea and Ethiopia in which non-war regions were 
labeled as if they were war regions and then compared to the other non-war regions. Results 
show no significant impact on height-for-age Z-scores in these non-war regions. Moreover, in 
Ethiopia we have pre-war regional poverty data and confirm results are similar when the non-war 
regions are limited to those with similar pre-war poverty levels as the war regions. These placebo 
and robustness checks provide additional evidence supporting the paper’s main results. 
Due to the war, thousands of people were internally displaced in both countries. 
Migration of this nature, particularly if people moved across regions, may bias our estimates 
because we would incorrectly determine a child’s war exposure based on the child’s current 
region of residence, which might be incorrect if the child resided in a different region during the 
war. In Table (3.7), we restrict the child sample by incorporating two alternative residency 
definitions to gauge the potential misspecification bias. Columns 1 and 3 restrict the sample to 
now only include children who were born in their current residence. Columns 2 and 4 further 
restrict the sample to only include children born in their current residence and whose families 
 98 
lived in their current residence during the war.62 Panel A estimates the difference-in-differences 
specification; Panel B incorporates the war intensity measure; Panel C instruments for war 
intensity using the close to war site variable as an instrument. The size of the impact and the 
level of statistical significance are consistent with the non-restricted sample, providing evidence 
of minimal bias introduced by incorrectly misclassifying residency.63 
Given our focus on accurately measuring geographic exposure to the war, we estimate 
robustness regressions (results not shown) that use alternative distance cut-offs for the variable 
indicating villages close to any of the three conflict sites. The current variable is based on the 
mean distance to the closest conflict site within the war regions (75 kilometers in Eritrea and 125 
kilometers in Ethiopia). Results are quantitatively similar using 100 or 125 kilometers as the 
distance cut-off for Eritrea or 150 or 250 kilometers in Ethiopia. Finally, we estimate regressions 
using a continuous measure of distance. Results are consistent; children born during the war and 
living closer to a conflict site have significantly lower height-for-age Z-scores. 
Lastly, our analysis likely underestimates the shock’s true health impact for two reasons. 
First, a child’s age could be mismeasured, and if this occurred, it would likely mean our 
estimates are lower bounds of the true impact, as parents would probably underreport the age of 
short children making their malnutrition seem less severe than it is. The chance of this is reduced 
since the household roster collects the exact birth date of all the household’s children under five 
and misreporting on one child would be more difficult as it would influence the birth dates of the 
household’s other children. Second, child mortality might be higher in war-exposed households. 
                                                
62 Instead of excluding children not born in the current place of residence, a more accurate approach would consider 
a child’s region of residence during the war, but in the data only duration at the current residence is available. 
63 It is also possible that households experiencing negative shocks sent out children to live with other relatives (see 
Akresh (2009) for evidence on the link between negative income shocks and child fostering). Although we do not 
have any information in the survey about this, we are unable to tell which direction, if any, this might bias the results 
depending on whether the most healthy or the least healthy child was fostered, but most of the child fostering 
literature finds the rate of fostering for children under age five to be extremely low. 
 99 
Unfortunately, we do not have health data on children who died prior to the survey, but these 
deceased children were likely the weakest and smallest, which means we are underestimating the 
total war impact. Therefore, the reported effects should be interpreted as the war’s impact on 
child health, conditional on the child surviving to be recorded in the survey. 
5.4 Comparison of War Impact in Eritrea and Ethiopia 
To the best of our knowledge, this is the first paper to use data from both countries involved in 
an international war to measure the impact of a conflict on children’s health. Given this unique 
characteristic of the paper, in this section we attempt to compare the war’s impact in Eritrea with 
its impact in Ethiopia. In Table (3.8), we analyze both countries simultaneously, using the 
previous specifications from Table (3.3) focusing on war regions and from Table (3.6) 
incorporating war intensity and an instrumental variables estimation. To capture the differential 
impact of the war in Ethiopia compared to Eritrea, in all specifications we include an interaction 
term of the main variables with an indicator variable for living in Ethiopia. All specifications 
include region and year of birth fixed effects, region-specific time trends, and control for child 
gender. 
Results in Column 1 show negative impacts of the conflict on children born during or 
before the war in Eritrea’s war-affected regions, with these children having, respectively, 0.43 or 
0.37 standard deviations lower Z-scores than non-war exposed children, and the differences are 
statistically significant. Even though the point estimate of the war’s negative impact in Ethiopia 
is larger, the difference with Eritrea is not statistically significant. Results in Columns 2 and 3 
use the number of IDPs as a measure of war intensity as in Table (3.6). Column 2 presents OLS 
results; Column 3 instruments for war intensity using the variable indicating villages close to a 
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conflict site.64 The magnitude of the negative impacts is consistent with the earlier results. If we 
focus on the preferred IV specification and use the average number of IDPs in the war regions of 
Eritrea and Ethiopia, we find that a child born during or before the war in Eritrea in a region with 
the mean war intensity has, respectively, 0.77 or 0.89 standard deviations lower height-for-age 
Z-scores. The war impact in Ethiopia compared to Eritrea is much lower for children born during 
or before the war, although only the difference for children born during the war is statistically 
significant. A child born during or before the war in Ethiopia in a region with the mean war 
intensity has, respectively, 0.31 or 0.41 standard deviations lower height-for-age Z-scores. The 
similarity of the magnitude of war impacts across Eritrea and Ethiopia and compared to those 
reported in the Burundi civil war (Bundervoet, Verwimp, Akresh, 2009) provides some 
confirmation of the external validity of these results. 
5.5 Discussion of the War Impact Mechanisms 
Understanding the specific mechanisms by which conflict impacts child health is critical for 
developing adequate policy responses to protect children from the negative effects of war. In 
order to fully answer this question, we would require detailed household level data on crop 
production and assets, information on the extent and duration of displacement (including changes 
in nutrition and exposure to disease and unclean water), and detailed conflict event data at the 
household level to accurately measure war exposure. Despite the lack of such data, our results 
provide some suggestive indication of the likely mechanisms by which war impacts child health. 
A first possible mechanism is that the war hindered the provision of food aid distributed 
by the international community. However, there is evidence that donors did not restrict food aid 
provision, at least in Ethiopia, and in fact, some countries began to help these nations for the first 
                                                
64 For the IV regression in Column 3, the F-statistics for the excluded instruments as well as the Kleibergen-Paap 
test do not indicate any potential weak instrument bias. 
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time. Several reports also indicate the war did not interfere with food aid distribution. While we 
do not have data on the amount of relief aid disaggregated by region, if such aid were targeted 
disproportionately to war-affected regions, then this paper’s results would underestimate the true 
impact of the conflict. A second possible mechanism, one that is more common in civil wars in 
Africa, is the theft of assets, including livestock. Since it takes time to reverse such a loss, 
poverty generated by asset theft would affect all children in the household, regardless of if they 
are born during or after the war. Our results suggest this mechanism might not have been salient, 
as only children born before the war ended are impacted. In addition, there is some anecdotal 
evidence of stray Eritrean cattle returned by the Ethiopian army and vice versa. 
Our results support displacement and deportations as the main mechanism through which 
the war impacted children’s health status. Thousands of Eritreans living in Ethiopia and 
Ethiopians living in Eritrea were violently deported back to their respective countries and many 
families were internally displaced on both sides of the border due to the war. Because of this 
displacement, many households were worse off since they lost their harvests and assets, were 
forced to disrupt their businesses, and had limited access to medicines and clean water. A child 
exposed to displacement would be worse-off compared to a non-exposed child, and the impact 
should be larger the longer the child is exposed to these events. Our war intensity results suggest 
that displacement is an important impact mechanism; the instrumental variable estimates show 
significant effects for those born before and during the war in both countries. 
6. Conclusion 
This is the first paper able to measure the welfare impacts on both sides involved in a conflict, 
thus providing a more thorough understanding of how wars impact well-being. We use nationally 
representative Demographic Health Survey data to assess the short- and medium-term impacts of 
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the 1998-2000 Eritrea-Ethiopia war on the health status of young children in both countries. The 
war between Eritrea and Ethiopia led to thousands of people being displaced from their homes, 
as is the case for many conflicts in sub-Saharan Africa. Our identification strategy exploits 
exogenous variation in the conflict’s geographic extent and timing and the subsequent exposure 
of different children’s birth cohorts to the fighting. Using alternative measures of war exposure 
and conflict intensity, we find that war has a large negative impact on height-for-age Z-scores of 
children in both the winning and losing nations. Results from our instrumented specification 
indicate that children born during or before the war and living in a region with the mean number 
of internally displaced people have significantly lower height-for-age Z-scores as a result of war 
exposure. The magnitude of the negative impacts ranges from 0.77 to 0.89 standard deviations in 
Eritrea and 0.31 to 0.41 standard deviations in Ethiopia, sizable effects compared to the average 
Z-scores of children in non-war regions of both countries. War impacts are similar for boys and 
girls, and our results are robust to consideration of various issues such as migration out of 
affected areas, age misreporting, and higher mortality among war-affected households. 
A critical reason for studying the impact of war on children's height is that this health 
indicator is known to influence future health, education, and economic outcomes. Based on other 
estimates of the links between height-for-age Z-scores and schooling attainment and wages, we 
can speculate on the long-term consequences that follow from our estimates of the negative 
health impact of the Eritrea-Ethiopia war. Specifically, we base our calculation on the estimate 
that a one standard deviation reduction in height correlates with 0.678 fewer grades completed in 
Zimbabwe (Alderman, Hoddinott, and Kinsey, 2006) and that the return to an extra year of 
education in Ethiopia is 15 percent (Krishnan, Selassie, and Dercon, 1998). Using these 
estimated links and the magnitude of the impacts discussed above, we find that for children born 
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during the war in Eritrea and Ethiopia, wages in adulthood will be, respectively, 7.8 and 3.2 
percent lower. For children born before the war, the negative health impacts will translate into a 
9.1 and 4.2 percent reduction in expected adult wages in Eritrea and Ethiopia, respectively. 
The results in this paper contribute to a growing literature that estimates the welfare 
impacts of wars. The external validity of results in this literature is often contested because each 
war is different in its scale and scope. However, the case of the Eritrea-Ethiopia war and our 
estimation of similar negative impacts on children's health in both countries suggest that wars 
often result in adverse effects on young children. The findings in this paper also help improve 
our understanding of a broader issue, which are the long-term growth and development 
consequences of wars. As undernourishment during early years has been linked to worse 
economic outcomes in adulthood, the long-term legacy of war, for both the winning and losing 
nations, is a problem that may need to be addressed with various educational and economic 





7. Figures and Tables 
Figure 3.1: Eritrea and Ethiopia Regional Map Indicating Conflict Sites 
 
 
Notes: The main fighting between Eritrea and Ethiopia occurred around the areas of Badme, 
Tsorona-Zalambessa, and Bure, which are noted on the map. Map source: Constructed by 
Rafael Garduño-Rivera in ArcGIS. 
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Figure 3.2a: Height-for-age Z-scores by Month and Year of Birth and War Exposure in 
Eritrea in 2002 (War and Post-War Period) 
 
Notes: Kernel-weighted local polynomial regression (using Epanechnikov kernel) of 
height-for-age Z-score on month and year of birth. Dashed line indicates children living 
in war regions. Solid line indicates children living in non-war regions. Vertical dashed 
lines show the starting (May 1998) and the ending dates (December 2000) of the war. 
Birth cohorts were either born before the war started, during the war, or after the war 











































Figure 3.2b: Height-for-age Z-scores by Month and Year of Birth and by War Exposure 
in Ethiopia in 2000 (War Period) 
 
Notes: Kernel-weighted local polynomial regression (using Epanechnikov kernel) of 
height-for-age Z-score on month and year of birth. Dashed line indicates children living 
in war regions. Solid line indicates children living in non-war regions. Vertical dashed 
line shows the starting date (May 1998) of the war. All birth cohorts were either born 










































Figure 3.2c: Height-for-age Z-scores by Month and Year of Birth and by War Exposure 
in Ethiopia in 2005 (Post-War Period) 
 
Notes: Kernel-weighted local polynomial regression (using Epanechnikov kernel) of 
height-for-age Z-score on month and year of birth. Dashed line indicates children living 
in war regions. Solid line indicates children living in non-war regions. All birth cohorts 












































Figure 3.3a: Height-for-age Z-scores by Month and Year of Birth and War Exposure in 
Eritrea in 2002, Boys Only 
 
Notes: Kernel-weighted local polynomial regression (using Epanechnikov kernel) of 
height-for-age Z-score on month and year of birth. Dashed line indicates children living 
in war regions. Solid line indicates children living in non-war regions. Vertical dashed 
lines show the starting (May 1998) and the ending dates (December 2000) of the war. 










































Figure 3.3b: Height-for-age Z-scores by Month and Year of Birth and War Exposure in 
Eritrea in 2002, Girls Only 
 
Notes: Kernel-weighted local polynomial regression (using Epanechnikov kernel) of 
height-for-age Z-score on month and year of birth. Dashed line indicates children living 
in war regions. Solid line indicates children living in non-war regions. Vertical dashed 
lines show the starting (May 1998) and the ending dates (December 2000) of the war. 











































Figure 3.4a: Height-for-age Z-scores by Month and Year of Birth and by War Exposure 
in Ethiopia in 2000, Boys Only 
 
Note: Kernel-weighted local polynomial regression (using Epanechnikov kernel) of 
height-for-age Z-score on month and year of birth. Dashed line indicates children living 
in war regions. Solid line indicates children living in non-war regions. Vertical dashed 
line shows the starting date (May 1998) of the war. Data source: 2000 Ethiopia 









































Figure 3.4b: Height-for-age Z-scores by Month and Year of Birth and by War Exposure 
in Ethiopia in 2000, Girls Only 
 
Note: Kernel-weighted local polynomial regression (using Epanechnikov kernel) of 
height-for-age Z-score on month and year of birth. Dashed line indicates children living 
in war regions. Solid line indicates children living in non-war regions. Vertical dashed 
line shows the starting date (May 1998) of the war. Data source: 2000 Ethiopia 








































Table 3.1: Child Characteristics, by Exposure to the War 
        
 Eritrea (Year 2002)  Ethiopia (Year 2000 and 2005) 
  Exposed Non-exposed Difference   Exposed 
Non-
exposed Difference 
  [1] [2] [3]   [4] [5] [6] 
Panel A: Child Characteristics 
Height-for-age Z-score -2.005 -1.325 -0.680***   -2.072 -1.732 -0.341*** 
  [0.040] [0.045] [0.057]   [0.056] [0.025] [0.061] 
Proportion Stunted 0.516 0.330 0.186***   0.532 0.441 0.091*** 
  [0.013] [0.013] [0.018]   [0.016] [0.007] [0.017] 
Proportion Severely 
Stunted 0.234 0.143 0.091***   0.267 0.221 0.046*** 
  [0.011] [0.009] [0.014]   [0.015] [0.005] [0.016] 
Male 0.528 0.515 0.013   0.490 0.509 -0.019 
  [0.011] [0.008] [0.014]   [0.013] [0.005] [0.014] 
Age in Months 39.284 24.263 15.020***   27.940 26.747 1.193*** 
  [0.249] [0.521] [0.586]   [0.324] [0.138] [0.347] 
 
Panel B: Height for Age Z-score by Age in Months 
Age <= 24 Months -2.106 -0.896 -1.210***   -1.751 -1.337 -0.414*** 
  [0.085] [0.043] [0.089]   [0.083] [0.032] [0.088] 
Age > 24 Months -1.988 -1.856 -0.132*   -2.296 -2.063 -0.233*** 
  [0.042] [0.059] [0.073]   [0.060] [0.029] [0.065] 
Observations 1,878 3,463    1,300 10,042  
Notes: Robust standard errors in brackets, clustered at the enumeration level. * significant at 10%, ** 
significant at 5%, and *** significant at 1%. “Exposed” indicates a child living in a region that 
experienced war and who was born before or during the war. “Non-exposed” indicates a child living 
in a region that did not experience conflict or a child who was born in a war region after the war 
ended. Children with a height-for-age Z-score below -2 are considered stunted, while children with a 
height-for-age Z-score below -3 are considered severely stunted. Data source: 2002 Eritrea and 2000 





Table 3.2: Measuring the Impact of War Exposure on Children's Height-for-age Z-score 
        
Dependent Variable: Height-for-age Z-score 
 
Eritrea  Ethiopia 
[1] [2] [3]  [4] [5] [6] 
War Region * Born During War -0.244***    -0.588***   
 [0.078]    [0.112]   
War Region * Born Before War 0.023    -0.480***   
 [0.102]    [0.106]   
Close to War Site * Born During War  -0.301***    -0.471***  
  [0.096]    [0.147]  
Close to War Site * Born Before War  -0.031    -0.485***  
  [0.110]    [0.132]  
Close to War Site  0.112    0.124  
  [0.103]    [0.143]  
Months of War Exposure   -0.003    -0.023*** 
   [0.003]    [0.004] 
Child Age Fixed Effects Yes Yes Yes  Yes Yes Yes 
Region Fixed Effects Yes Yes Yes  Yes Yes Yes 
Region-Specific Time Trends No No No  No No No 
Observations 5,341 5,279 5,341  11,342 11,299 11,342 
Notes: Robust standard errors in brackets, clustered at the enumeration level. * significant at 10%, ** significant at 5%, and *** 
significant at 1%. All specifications include child age fixed effects, region fixed effects, and child gender controls. In Eritrea, the war 
regions are Gash Barka, Debub, and Debubawi Keyih Bahri. In Ethiopia, the war regions are Tigray and Afar. “War Region*Born 
During War” indicates a child living in a region affected by the war who was born during the war. “War Region*Born Before War” 
indicates a child living in a region affected by the war who was born before the war started. “Close to War Site*Born During War” 
indicates a child living within 75 km in Eritrea and within 125 km in Ethiopia from any of the three conflict sites and who was born 
during the war. “Close to War Site*Born Before War” indicates a child living within 75 km in Eritrea and within 125 km in Ethiopia 
from any of the three conflict sites and who was born before the war started. “Months of War Exposure” measures the number of 
months a child was alive during the war in a region affected by the war. Data source: 2002 Eritrea and 2000 and 2005 Ethiopia 




Table 3.3: Measuring the Impact of War Exposure on Children's Height-for-age Z-score, Including Region-Specific Time Trends 
        
Dependent Variable: Height-for-age Z-score 
 
Eritrea  Ethiopia 
[1] [2] [3]  [4] [5] [6] 
War Region * Born During War   -0.385***    -0.531***   
 [0.112]    [0.113]   
War Region * Born Before War   -0.253    -0.524***   
 [0.191]    [0.122]   
Close to War Site * Born During War  -0.373***    -0.451***  
  [0.105]    [0.146]  
Close to War Site * Born Before War  -0.161    -0.497***  
  [0.135]    [0.140]  
Close to War Site  0.177    0.124  
  [0.112]    [0.143]  
Months of War Exposure   -0.037***    -0.029*** 
   [0.009]    [0.005] 
P-value Testing Equality Between Born 
During War and Born Before War Started 0.277 0.061   0.954 0.730  
Child Age Fixed Effects Yes Yes Yes  Yes Yes Yes 
Region Fixed Effects Yes Yes Yes  Yes Yes Yes 
Region-Specific Time Trends Yes Yes Yes  Yes Yes Yes 
Observations 5,341 5,279 5,341  11,342 11,299 11,342 
Notes: Robust standard errors in brackets, clustered at the enumeration level. * significant at 10%, ** significant at 5%, and *** significant 
at 1%. All specifications include child age fixed effects, region fixed effects, child gender controls, and region-specific time trends. In 
Eritrea, the war regions are Gash Barka, Debub, and Debubawi Keyih Bahri. In Ethiopia, the war regions are Tigray and Afar. “War 
Region*Born During War” indicates a child living in a region affected by the war who was born during the war. “War Region*Born Before 
War” indicates a child living in a region affected by the war who was born before the war started. “Close to War Site*Born During War” 
indicates a child living within 75 km in Eritrea and within 125 km in Ethiopia from any of the three conflict sites and who was born during 
the war. “Close to War Site*Born Before War” indicates a child living within 75 km in Eritrea and within 125 km in Ethiopia from any of 
the three conflict sites and who was born before the war started. “Months of War Exposure” measures the number of months a child was 





Table 3.4: Measuring the Impact of War Exposure on Children's Height-for-age Z-score, Boys Only 
        
Dependent Variable: Height-for-age Z-score 
 
Eritrea  Ethiopia 
[1] [2] [3]  [4] [5] [6] 
War Region * Born During War  -0.420***    -0.642***   
 [0.157]    [0.154]   
War Region * Born Before War  -0.308    -0.409**   
 [0.246]    [0.159]   
Close to War Site * Born During War  -0.439***    -0.601***  
  [0.152]    [0.182]  
Close to War Site * Born Before War  -0.202    -0.532***  
  [0.197]    [0.177]  
Close to War Site  0.221    0.198  
  [0.151]    [0.167]  
Months of War Exposure   -0.050***    -0.027*** 
   [0.013]    [0.007] 
P-value Testing Equality Between Born 
During War and Born Before War Started 0.472 0.114   0.219 0.705  
Observations 2,775 2,739 2,775  5,753 5,731 5,753 
Child Age Fixed Effects Yes Yes Yes  Yes Yes Yes 
Region Fixed Effects Yes Yes Yes  Yes Yes Yes 
Region-Specific Time Trends Yes Yes Yes  Yes Yes Yes 
Notes: Robust standard errors in brackets, clustered at the enumeration level. * significant at 10%, ** significant at 5%, and *** significant at 
1%. All specifications include child age fixed effects, region fixed effects, and region-specific time trends. In Eritrea, the war regions are Gash 
Barka, Debub, and Debubawi Keyih Bahri. In Ethiopia, the war regions are Tigray and Afar. “War Region*Born During War” indicates a 
child living in a region affected by the war who was born during the war. “War Region*Born Before War” indicates a child living in a region 
affected by the war who was born before the war started. “Close to War Site*Born During War” indicates a child living within 75 km in 
Eritrea and within 125 km in Ethiopia from any of the three conflict sites and who was born during the war. “Close to War Site*Born Before 
War” indicates a child living within 75 km in Eritrea and within 125 km in Ethiopia from any of the three conflict sites and who was born 
before the war started. “Months of War Exposure” measures the number of months a child was alive during the war in a region affected by the 




Table 3.5: Measuring the Impact of War Exposure on Children's Height-for-age Z-score, Girls Only 
        
Dependent Variable: Height-for-age Z-score 
 
Eritrea  Ethiopia 
[1] [2] [3]  [4] [5] [6] 
War Region * Born During War -0.337**    -0.415**   
 [0.161]    [0.168]   
War Region * Born Before War 0.001    -0.642***   
 [0.284]    [0.150]   
Close to War Site * Born During War  -0.309**    -0.297  
  [0.148]    [0.204]  
Close to War Site * Born Before War  -0.133    -0.452***  
  [0.189]    [0.171]  
Close to War Site  0.136    0.026  
  [0.135]    [0.176]  
Months of War Exposure   -0.023*    -0.031*** 
   [0.012]    [0.006] 
P-value Testing Equality Between Born 
During War and Born Before War Started 0.345 0.339   0.213 0.416  
Observations 2,566 2,540 2,566  5,589 5,568 5,589 
Child Age Fixed Effects Yes Yes Yes  Yes Yes Yes 
Region Fixed Effects Yes Yes Yes  Yes Yes Yes 
Region-Specific Time Trends Yes Yes Yes  Yes Yes Yes 
Notes: Robust standard errors in brackets, clustered at the enumeration level. * significant at 10%, ** significant at 5%, and *** significant at 
1%. All specifications include child age fixed effects, region fixed effects, and region-specific time trends. In Eritrea, the war regions are Gash 
Barka, Debub, and Debubawi Keyih Bahri. In Ethiopia, the war regions are Tigray and Afar. “War Region*Born During War” indicates a 
child living in a region affected by the war who was born during the war. “War Region*Born Before War” indicates a child living in a region 
affected by the war who was born before the war started. “Close to War Site*Born During War” indicates a child living within 75 km in 
Eritrea and within 125 km in Ethiopia from any of the three conflict sites and who was born during the war. “Close to War Site*Born Before 
War” indicates a child living within 75 km in Eritrea and within 125 km in Ethiopia from any of the three conflict sites and who was born 
before the war started. “Months of War Exposure” measures the number of months a child was alive during the war in a region affected by the 




Table 3.6: OLS Estimation (Using War Intensity) and IV Estimation (Using Close to War Site 
as an Instrument) Measuring the Impact of War Exposure on Children’s Height-for-age Z-score 
     
Dependent Variable: Height-for-age Z-score 
 
Eritrea  Ethiopia 
[1]  [2] 
Panel A: OLS estimation    
War Intensity * Born During War -0.023***  -0.018*** 
 [0.008]  [0.005] 
War Intensity * Born Before War -0.022  -0.021*** 
 [0.014]  [0.005] 
    
Panel B: IV estimation    
War Intensity * Born During War -0.068***  -0.019** 
 [0.025]  [0.007] 
War Intensity * Born Before War -0.073*  -0.025*** 
 [0.044]  [0.007] 
    
Child Age Fixed Effects Yes  Yes 
Region Fixed Effects Yes  Yes 
Region-Specific Time Trend Yes  Yes 
F-statistic of Excluded Instruments:    
 1. War Intensity * Born During War 41.799  150.790 
 2. War Intensity * Born Before War 38.561  153.871 
Observations 5,279  11,299 
Notes: Robust standard errors in brackets, clustered at the enumeration level. * significant at 
10%, ** significant at 5%, and *** significant at 1%. All specifications include child age fixed 
effects, region fixed effects, child gender controls, and region-specific time trends. “War 
Intensity” indicates for each region the number of internally displaced individuals/10,000. 
Displacement data for Eritrea and Ethiopia come from the United Nations Office for the 
Coordination of Humanitarian Affairs (UN OCHA). IV estimation in Panel B uses the “Close 
to War Site” variable as an instrument for the potentially endogenous “War Intensity” variable. 
Testing for weak instruments using the Kleibergen-Paap test yields a test statistic for the 
Eritrea IV regression of 24.78 and for the Ethiopia IV regression of 42.22 suggesting the 
instruments are strong. Data source: 2002 Eritrea and 2000 and 2005 Ethiopia Demographic 




Table 3.7: Measuring the Impact of War Exposure on Children's Height-for-age Z-score,  
By Residency Status 
      
Dependent Variable:  
 Height-for-age Z-score 
 
 









[1] [2]  [3] [4] 
Panel A: Difference-in-Differences       
War Region * Born During War -0.383*** -0.386***  -0.550*** -0.526*** 
 [0.114] [0.118]  [0.115] [0.107] 
War Region * Born Before War -0.254 -0.259  -0.547*** -0.625*** 
 [0.194] [0.197]  [0.122] [0.122] 
Panel B: War Intensity (OLS)      
War Intensity * Born During War -0.024*** -0.024***  -0.019*** -0.016*** 
 [0.008] [0.008]  [0.005] [0.005] 
War Intensity * Born Before War -0.019 -0.019  -0.022*** -0.023*** 
 [0.014] [0.014]  [0.005] [0.005] 
Panel C: War Intensity (IV)      
War Intensity * Born During War -0.064** -0.070***  -0.019** -0.015** 
 [0.026] [0.025]  [0.007] [0.007] 
War Intensity * Born Before War -0.065 -0.073*  -0.026*** -0.027*** 
 [0.045] [0.044]  [0.007] [0.006] 
Child Age Fixed Effects Yes Yes  Yes Yes 
Region Fixed Effects Yes Yes  Yes Yes 
Region-Specific Time Trends Yes Yes  Yes Yes 
Observations 5,032 4,886  11,032 11,010 
Notes: Robust standard errors in brackets, clustered at the enumeration level. * significant at 10%, 
** significant at 5%, and *** significant at 1%. All specifications include child age fixed effects, 
region fixed effects, child gender controls, and region-specific time trends. Columns 1 and 3 
restrict the previous sample of children to now only include children born in their current place of 
residence. Columns 2 and 4 further restrict the sample to only include those children who were 
born in their current place of residence and whose families lived in their current place of residence 
during the war. “War Region*Born During War” indicates a child living in a region affected by the 
war who was born during the war. “War Region*Born Before War” indicates a child living in a 
region affected by the war who was born before the war started. “War Intensity” indicates for each 
region the number of internally displaced individuals/10,000. Displacement data for Eritrea and 
Ethiopia come from the United Nations Office for the Coordination of Humanitarian Affairs (UN 
OCHA). IV estimation in Panel C uses the “Close to War Site” variable as an instrument for the 
potentially endogenous “War Intensity” variable. Testing for weak instruments using the 
Kleibergen-Paap test yields a test statistic for the Eritrea IV regressions in columns 1 and 2 of 
25.57 and 24.15 and for the Ethiopia IV regressions in columns 3 and 4 of 44.10 and 76.84 
suggesting the instruments are strong. Data source: 2002 Eritrea and 2000 and 2005 Ethiopia 
Demographic and Health Surveys. 
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Table 3.8: Comparing the Impact in Eritrea and Ethiopia of War Exposure on  
Children's Height-for-age Z-score  
    









[1] [2] [3] 
Panel A: Difference-in-Differences    
[a] War Region * Born During War -0.426***   
 [0.108]   
[b] War Region * Born During War * Ethiopia -0.109   
 [0.158]   
[c] War Region * Born Before War -0.367**   
 [0.178]   
[d] War Region * Born Before War * Ethiopia -0.152   
 [0.216]   
Panel B: War Intensity    
[a] War Intensity * Born During War  -0.027*** -0.069*** 
  [0.008] [0.023] 
[b] War Intensity * Born During War * Ethiopia  0.008 0.050** 
  [0.009] [0.024] 
[c] War Intensity * Born Before War  -0.028** -0.080** 
  [0.013] [0.038] 
[d] War Intensity * Born Before War * Ethiopia  0.007 0.055 
  [0.014] [0.039] 
P-value of [a] + [b] = 0 0.000 0.000 0.010 
P-value of [c] + [d] = 0 0.000 0.000 0.000 
Child Age Fixed Effects Yes Yes Yes 
Region Fixed Effects Yes Yes Yes 
Region-Specific Time Trends Yes Yes Yes 
Observations 16,683 16,578 16,578 
Notes: Robust standard errors in brackets, clustered at the enumeration level. * significant at 10%, ** 
significant at 5%, and *** significant at 1%. All specifications include child age fixed effects, region 
fixed effects, child gender controls, and region-specific time trends. “War Region*Born During War” 
indicates a child living in a region affected by the war who was born during the war. “War 
Region*Born Before War” indicates a child living in a region affected by the war who was born before 
the war started. “War Intensity” indicates for each region the number of internally displaced 
individuals/10,000. Displacement data for Eritrea and Ethiopia come from the United Nations Office 
for the Coordination of Humanitarian Affairs (UN OCHA). IV estimation in Panel C uses the “Close to 
War Site” variable as an instrument for the potentially endogenous “War Intensity” variable. Testing 
for weak instruments using the Kleibergen-Paap test yields a test statistic in column 3 of 13.95 
suggesting the instruments are strong. Data source: 2002 Eritrea and 2000 and 2005 Ethiopia 






Appendix A.1: OLS Estimation of the Minimum Income Question and Probit estimation of 
the Food Consumption Adequacy Question and the Economic Ladder Question in 2004, 
2005, and 2006 
        
  Years 
  2004 2005 2006 
  [1] [2] [3] 
Panel A: Log. of Minimum Income Question - OLS     
        
Log. of Household Income      0.457***      0.420***      0.477*** 
     [0.009]       [0.006]       [0.006]    
Log. of Household Size 0.012      0.070***      0.032*** 
     [0.013]       [0.009]       [0.009]    
Panel B: Consumption Adequacy Question - Probit     
        
Log. of Household Consumption      0.718***      0.907***      0.811*** 
     [0.043]       [0.042]       [0.029]    
Log of Household Size     -0.428***     -0.551***     -0.529*** 
     [0.049]       [0.040]       [0.032]    
Panel C: Economic Ladder Question (1) - Probit     
        
Log. of Household Consumption      0.826***      1.076***      0.972*** 
     [0.052]       [0.034]       [0.035]    
Log of Household Size     -0.536***     -0.692***     -0.587*** 
     [0.050]       [0.039]       [0.038]    
Panel D: Economic Ladder Question (2) - Probit     
        
Log. of Household Consumption      0.888***      1.050***      1.095*** 
     [0.045]       [0.035]       [0.033]    
Log of Household Size     -0.684***     -0.665***     -0.739*** 
     [0.050]       [0.038]       [0.036]    
Observations in Panel A 40,932 79,440 80,737 
Observations in Panel B 41,037 79,889 81,144 
Observations in Panel C and D 40,820 79,634 80,959 
Urban-rural Region Fixed Effects Yes Yes Yes 
Data source: INEI - Peruvian National Household Survey (ENAHO), 2004, 2005, and 2006. 
Note: Standard errors between brackets. * significant at 10%, ** significant at 5%, and *** 
significant at 1%. Regressions are weighted using survey-sampling weights. Natural 
logarithms are used. The dependent variable is the Log. of Minimum Income Question in 
Panel A, the Food Consumption Adequacy Question in Panel B, the Economic Ladder 
Question with cut-off equal to one in Panel C, and the Economic Ladder Question with cut-
off equal to two in Panel D. See figures (2.2) and (2.3) for a definition of the subjective 




Appendix A.2: OLS Estimation of the Minimum Income Question in 2007, 2008, and 2009 
    
Dependent Variable: 
Log. of Minimum Income Question 
 
Years 
2007 2008 2009 
[1] [2] [3] 
Log. of Household Income      0.464***      0.412***      0.415*** 
     [0.006]       [0.006]       [0.006]    
Log. of Household Size 0.005 0.000 0.005 
     [0.009]       [0.009]       [0.009]    
Observations 88,856 86,119 86,784 
Urban-rural Region Fixed Effects Yes Yes Yes 
Data source: INEI - Peruvian National Household Survey (ENAHO), 2007, 2008, and 2009. 
Note: Standard errors between brackets. * significant at 10%, ** significant at 5%, and *** 
significant at 1%. Regressions are weighted using survey-sampling weights. Natural 
logarithms are used. The dependent variable is the Log. of  Minimum Income Question. See 




Appendix A.3: Comparison between Objective Poverty and Subjective Poverty Using the Minimum 
Income Question (MIQ), the Food Consumption Adequacy Question (CAQ), the Economic Ladder 
Question (ELQ), and the Economic Welfare Question (EWQ) 
              
  Years 
Methods 2004 2005 2006 2007 2008 2009 
  [1] [2] [3] [4] [5] [6] 
Moderate Obj. 48.32 48.71 44.53 39.29 36.20 34.77 
Extreme Obj. 15.96 17.37 16.15 13.73 12.58 11.53 
MIQ 19.28 26.56 19.24 18.57 15.84 14.71 
CAQ 15.94 20.63 17.34 . . . 
ELQ(1) 9.26 15.10 13.75 . . . 
ELQ(2) 82.05 86.77 79.88 . . . 
EWQ . . . 45.86 42.15 35.15 
Data source: INEI - Peruvian National Household Survey (ENAHO), 2004 - 2009. 
Note: Moderate Obj. refers to the poverty measured using the official moderate poverty line. 
Extreme Obj. refers to the poverty measured using the official extreme poverty line. The MIQ is 
based on the following survey question: How much do you estimate the necessarily monthly 
minimum amount required for your home to live? (Consider food, clothing, footwear, health, 
education, transportation, etc.). The CAQ is based on the following survey question: In your home, 
do meet the minimum requirements of food? Possible answers are: (i) none, (ii) little, (iii) pretty 
much, and (iv) enough. ELQ(1) derives the subjective poverty line assuming that poverty is defined 
by the situation of those who evaluate their economic situation as one, while ELQ(2) derives the 
subjective poverty line assuming that poverty is defined by the situation of those who evaluate their 
economic situation to be less than or equal to two. Finally, the EWQ is based on the following 
question: According to your economic situation, do you consider that your household is: (i) very 
poor?, (ii) poor?, (iii) more or less poor?, or (iv) non-poor? All the questions are asked to the head 
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